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Chapter 1

INTRODUCTION

Even though the smartphone is a relatively recent invention (the first iPhone was 
released in 2007), it is almost ubiquitously adopted today. In 2019, around 98% 
of adults aged 18 – 65 owned a smartphone in the Netherlands (CBS, 2020), 
while around 90% of adults in the same age range owned a smartphone in 
the United States (Pew Research Center, 2019). The smartphone undoubtedly 
drastically changed people’s lives. It allows them to have mobile access to a 
virtually unlimited amount of information and most importantly allows them to 
be constantly connected to other people. It is this constant connectivity that 
seems to be viewed as both the smartphone’s biggest potential benefit (Bayer, 
Scott, & Ling, 2016) and biggest potential cost (Carr, 2011). For example, in the 
context of work, the smartphone enables people to be constantly connected to 
their friends and family during working hours, but also to their colleagues and 
clients during leisure time. These changes were followed by people questioning 
whether the former improves relationships and well-being or hurts productivity, 
and whether the latter improves flexibility or hurts recovery and work-life 
balance (Demerouti, Derks, ten Brummelhuis, & Bakker, 2014).

Initial research indicates that the smartphone can be a potent distractor as 
people try to be productive (Kushlev, Proulx, & Dunn, 2016; Stothart, Mitchum, 
& Yehnert, 2015; Thornton, Faires, Robbins, & Rollins; 2014), that it can play a 
role in sleep problems (Lanaj, Johnson, & Barnes, 2014; Min, Doryab, Wiese, 
Amini, Zimmerman, & Hong, 2014). There has also been a lot of research 
addressing whether frequent smartphone use is associated with reduced well-
being (Johannes, Veling, Dora, Meier, Reinecke, & Buijzen, 2018; Ohly & Latour, 
2014; Orben & Przybylski, 2019a; Orben & Przybylski, 2019b; Orben, Dienlin, 
& Przybylski, 2019). These studies found mixed results but overall point to a 
rather small negative effect of smartphone use on well-being. Additionally, 
using the smartphone for work-related matters during leisure time has been 
linked to reduced work-life balance and people’s inability to recover from work 
demands (Derks & Bakker, 2014; Derks, van Duin, Tims, & Bakker, 2015; Derks, 
van Mierlo, & Schmitz, 2014).

In summary, smartphone use is a complex behavior, which so far is poorly 
understood. Understanding smartphone behavior itself has been neglected as 
scientists rushed to study the potential consequences of smartphone use.
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Why do people look at their smartphone so often, even when they are trying 
to be productive? And how is the decision to interact with one’s smartphone 
made? These questions so far have been insufficiently investigated in the 
scientific literature. Arguably, understanding a particular behavior is a necessary 
prerequisite to studying its outcomes. Embedding smartphone behavior in the 
existing psychological literature will give psychologists from different fields a 
context in which they can attempt to understand their research into various 
outcomes of smartphone use. Additionally, conceptualizing smartphone use in 
terms of broader human behavior may entail predictions about consequences 
of smartphone use that have not been considered previously, as it will become 
clear how smartphone use relates to behaviors explored in the psychological 
literature previously. In this dissertation, I will conceptualize smartphone use 
in terms of broader human behavior and aim to advance our understanding of 
the decision to disengage from a productive task in order to interact with one’s 
smartphone. By adopting a motivational perspective, I will contribute to two 
prominent and related fields of literature. First, I, together with my supervisors, 
will study smartphone use as a goal-directed behavior as it relates to self-
control. Second, we will study smartphone use as a form of task disengagement 
that is preceded and succeeded by changes in people’s subjective experience 
of the world (e.g., the extent to which they feel fatigued). Thus, at the same 
time I will use these perspectives to better understand smartphone behavior, 
but also study self-control and phenomenology (people’s subjective experience 
of the world) along the example of smartphone use.

This introduction is structured as follows. First, I will explain how I think about 
smartphone behavior in terms of a broader perspective on human behavior and 
review relevant theoretical and empirical developments. Second, I will lay out 
the research goals of this dissertation and how they relate to the motivational 
perspective on smartphone behavior.

Smartphone behavior and goals

Trying to understand behavior by studying motivation has a long history in 
psychology (e.g., Braver et al., 2014; Locke & Latham, 2002; Pavlov, 1927; Ryan, 
1970; Skinner, 1938; Thorndike, 1911). For example, early behaviorists such as 
Thorndike and Skinner inspired a large body of literature that shows that animals 
and people are able to use information about rewards in order to quickly 
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learn how to behave adaptively and to maximize future reward (e.g., Dayan & 
Balleine, 2002; Schönberg, Daw, Joel, & O’Doherty, 2007; Sutton & Barto, 1998). 
In other words, the motivation to maximize rewards and minimize punishment 
has been identified as one of the key predictors of decision-making (Berkman, 
Hutcherson, Livingston, Kahn, & Inzlicht, 2017). One of the most basic tenets 
of this view is that behavior is goal-directed (Aarts & Dijksterhuis, 2000; Ajzen 
& Madden, 1986; Oettingen & Gollwitzer, 2001). However, this is not as simple 
as it may appear at first glance. The reason for this is that humans have many 
different goals, but can usually only work towards one goal at a time (Kurzban, 
Duckworth, Kable, & Myers, 2013). As goals tend to be incompatible with one 
another, people often need to engage in self-control as they direct behavior 
towards a certain goal (Thaler & Shefrin, 1981).

Initially, scientists thought of the process of self-control as depleting, with many 
studies showing support for the idea (e.g., Baumeister, Bratslavsky, Muraven, 
& Tice, 1998; Baumeister, Muraven, & Tice, 2000; Hagger, Wood, Stiff, & 
Chatzisarantis, 2010; Muraven & Baumeister, 2000; Muraven, Tice, & Baumeister, 
1998). In this view, self-control gets harder over time as a limited mental resource 
gets depleted, which is ultimately responsible for people failing to reach their 
goals, for example in the context of dieting, exercising, and studying (Inzlicht & 
Gutsel, 2007). This line of research on the so-called ‘ego-depletion’ effect has 
been so influential that even Barack Obama limited himself to wearing black and 
blue suits during his presidency, in order to not get depleted by the decision of 
what to wear (Lewis, 2012). More recently, this idea has been heavily criticized 
for several reasons. First, the idea is arguably hard to falsify as the resource that 
supposedly gets depleted is often not specified (Inzlicht, Schmeichel, & Macrae, 
2014; Lurquin & Miyake, 2017). In that case, a resource is an empty concept that 
has no explanatory power. Variations of the idea that did specify the resource (i.e., 
glucose) quickly got falsified (Kurzban, 2010; Orquin & Kurzban, 2016). Second, 
several findings got published that are hard to integrate with the depletion idea 
(e.g., the apparent depletion effect can be prevented by one’s meta-cognitive 
beliefs; Job, Dweck, & Walton, 2010).

Inspired by these findings, a modern account attempts to understand self-
control as a balancing act between motivation for labor (‘have-to’ tasks) and 
motivation for leisure (‘want-to’ tasks; Inzlicht, Schmeichel, & Macrae, 2014). On 
a basic level, this model adopts the exploitation-exploration dilemma (Cohen, 
McClure, & Yu, 2007). This dilemma posits that every agent that is designed 
to pursue multiple goals, but can only work towards one goal at a time, has to 
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continuously decide whether to continue to exploit the current activity for its 
rewards (i.e., continue to pursue the same goal) or to explore the environment 
for more rewarding alternatives (i.e., disengage and switch goals). The solution 
to this problem of simultaneity (not everything can be done at once) is to 
prioritize the pursuit of one goal over that of another. The tradeoff between 
exploitation and exploration has been used to understand the foraging behavior 
of a number of species (e.g., Charnov, 1976; Pratt & Sumpter, 2006), to improve 
artificial intelligence algorithms (e.g., Hills, Todd, Lazer, Redish, & Couzin, 2015), 
and to understand choices between valuable options by human participants 
(e.g., Rushworth, Kolling, Sallet, & Mars, 2012).

Many situations in which people engage in self-control more specifically 
involve the decision to engage in a gainful, demanding task (e.g., 
studying = mental labor) or to engage in a non-gainful, non-demanding task 
(e.g., daydreaming = mental leisure; Kool & Botvinick, 2010). If one makes 
the assumption that the mind evolved to behave adaptively (Pinker, 1997), 
it is also reasonable to assume that people are motivated to balance labor 
and leisure (Inzlicht & Schmeichel, 2012;Werner & Milyavskaya, 2018). That is 
because neither exclusively engaging in mental labor (unable to reap rewards) 
nor exclusively engaging in mental leisure (unable to attain rewards) should be 
adaptive. From this follows that engaging in labor for a while should reduce 
subsequent motivation for labor and increase motivation for leisure (and vice 
versa; process model of self-control; Inzlicht et al., 2014). Thus, self-control may 
not depend on the exhaustion of a limited resource but rather is a motivational 
process that ensures balance between labor and leisure. How is the decision 
between labor and leisure made?

So far, not much research has addressed this question. In a series of 
decision-making experiments, Kool and Botvinick (2010) showed that people 
(unconsciously) perform a cost-benefit analysis that considers both the current 
value of labor (i.e., the pay offered to perform the labor task) and leisure (i.e., 
not having to perform the demanding labor task) when allocating resources 
between both options. In other words, a cost-benefit analysis predicted people’s 
decision to pursue labor or leisure goals as the relative value of labor and 
leisure fluctuated. Additionally, Westbrook, Kester, and Braver (2013) showed 
that people who are higher in need for cognition (i.e., people that enjoy being 
cognitively active more) demand lower pay to perform the more effortful among 
two tasks in an effort discounting paradigm. This can be considered further, 
indirect evidence that the decision between labor and leisure is a value-based 
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choice. However, one limitation that these two research projects share is that 
the authors operationalized leisure as a simpler version of an artificial, mentally 
demanding task. As a consequence, one needs to be careful to conclude 
that labor/leisure decisions in the real world are based on such cost-benefit 
considerations. There is a clear need to study real-world labor/leisure decisions 
in (more) ecologically valid settings. Understanding how such real-life labor vs 
leisure decisions are made could inform interventions that aim to maximize 
labor task productivity and performance when it is highly important.

As will become clear in the following paragraph, the smartphone is central to 
many daily real-world labor vs leisure decisions. As such, previous work on goal 
pursuit can be applied to smartphone behavior. Smartphone use, like every 
other behavior, implies the pursuit of some goal. In fact, given the smartphone’s 
ability to have many different applications, many different goals can be 
potentially pursued with it. Among others, it can be used for communication, 
information, and entertainment. That is why very often, when people decide to 
interact with their smartphone, they interrupt some other behavior (and thus the 
pursuit of some other goal). In many common situations (e.g., texting a friend 
while working, watching a video while studying, answering a work e-mail while 
having dinner), this is a decision between labor and leisure. Thus, the decision 
whether to interact with one’s smartphone maps well onto the problem space of 
a labor vs leisure decision. This is especially true in the context of people’s work 
and private roles. Depending, smartphone use can either be a labor-to-leisure 
switch (using the smartphone for private matters during working hours) or a 
leisure-to-labor switch (using the smartphone for work-related matters during 
leisure time). Studying the decision between engaging in a demanding labor 
task or engaging with the smartphone for leisurely purposes allows us to work 
towards two aims. First, it gives us a context in which to study how the decision 
to interact with the smartphone is made. Second, it gives us the opportunity 
to test modern ideas about self-control along an organic, everyday decision 
(whether to work or to interact with one’s smartphone).

Smartphone behavior and phenomenology

A research field that is strongly linked to the study of self-control and motivation 
is that of aversive subjective experiences such as fatigue, effort, and boredom 
(Francis, Milyavskaya, Lin, & Inzlicht, 2018; Kurzban, 2016; Milyavskaya, Galla, 
Inzlicht, & Duckworth, 2018; Pattyn, Neyt, Henderickx, & Soetens, 2008). For 
example, the success of ego depletion manipulations is usually checked by 
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comparing the amount of fatigue experienced in both conditions (Friese, 
Loschelder, Gieseler, Frankenbach, & Inzlicht, 2019). Similar to self-control, for a 
long time scientists thought of the feeling of fatigue as reflecting the depletion 
of a limited resource (Hockey, 2013). Also in parallel to developments in the 
self-control literature, this idea was questioned due to empirical developments. 
For example, it was shown repeatedly that effects of time on task on fatigue 
can be reversed as a reward tied to task performance is introduced (Hopstaken, 
van der Linden, Bakker, & Kompier, 2015a; Hopstaken, van der Linden, Bakker, 
& Kompier, 2016). This finding is incompatible with the idea of a depleted 
resource – if a resource is truly drained, no amount of motivation should make 
the feeling of fatigue suddenly disappear. These studies also indicated that 
people gradually disengage from a cognitive task as they become fatigued. 
In this line of research, this meant that participants’ eyes wandered from a 
laboratory task to task-irrelevant stimuli in the environment (Hopstaken, van 
der Linden, Bakker, & Kompier, 2015b). If it is not indicative of a resource that 
is being depleted, how does the feeling of fatigue emerge then?

From a motivational standpoint, people’s subjective experience of the world 
may be understood as motivational states that aid in goal pursuit (Botvinick 
& Braver, 2015; Tooby, Cosmides, Sell, Lieberman, & Sznycer, 2008). As such, 
aversive subjective experiences such as fatigue, effort, and boredom are 
thought to motivate people to switch from the pursuit of one goal (e.g., labor) 
to the pursuit of an alternative goal (e.g., leisure). This ties in with the findings 
discussed above that fatigue predicts task disengagement in the lab. Similarly, 
boredom has been found to predict performance lapses during vigilance tasks 
(e.g., Kass, Vodanovich, Stanny, & Taylor, 2001). A recent account proposes 
that fatigue also reflects a cost-benefit analysis (Kurzban et al., 2013). Resting 
on the assumption that the mind is a computational information processing 
system (Pinker, 1997), the idea is that the mind assigns utility (benefits relative 
to costs) to what is currently being done and what could be done instead. It is 
this cost-benefit analysis that is then thought to determine whether the current 
task is continued (in case the current task is judged to have the highest utility) 
or the switch to the next-best alternative is made (in case the alternative is 
judged to have the highest utility; Shenhav et al., 2017). This switch (or task 
disengagement) is predicted to be preceded by the feeling of fatigue. In this 
context, it is critical to understand that everything one decides to do comes at 
a cost, which is the value of engaging with the next-best alternative (Kurzban 
et al., 2013). For example, a student studying in the library in order to pass her 
exam cannot simultaneously catch up with her friends. This is just another way 
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to state that people have multiple goals but can usually only work towards one 
goal at a time. The costs of not being able to pursue alternative, valued goals 
are called opportunity costs. As these opportunity costs are part of the basic 
design of the mind (Greenberg & Spiller, 2016), a mechanism is needed to 
feed them into consciousness. As the cost-benefit computation is updated and 
the next-best alternative is judged to have higher utility than the current task, 
people are thus predicted to experience changes in their subjective experience 
of the world, such as increases in fatigue and boredom, which may have the 
function to motivate people to switch from one task to the next (e.g., from labor 
to leisure; Boksem & Tops, 2008; Hockey, 2011; Kurzban et al., 2013; Shenhav 
et al., 2017; Westgate & Wilson, 2018).

For example, a student sitting in the library may initially value studying for 
tomorrow’s exam as it is important for her to pass the course. However, while 
she is studying, she sees her phone light up several times as her best friend 
is texting her about what happened at the birthday party she attended last 
night. Now, the opportunity costs of the labor task (studying) likely increase, 
as the value of interacting with the leisure alternative (smartphone) also 
increases. The opportunity cost model (Kurzban et al., 2013) predicts in 
this case the student to experience an increase in fatigue and/or boredom, 
which will ultimately result in her disengaging from studying in order to 
read and respond to the texts from her friend. Several interesting and novel 
hypotheses can be derived from this model. For example, the model predicts 
that people get fatigued faster the higher the value of a leisure alternative to 
a labor task, even when all people perform the same labor task. As people 
switch from labor to leisure, the relative value of labor should increase once 
more. Thus, the model also predicts that the feeling of fatigue decreases 
following labor-to-leisure switches. The model makes the same kind of 
predictions for the experience of boredom (Kurzban et al., 2013). Fatigue 
and boredom are thus thought to be highly related experiences, in that they 
are both thought to reflect the opportunity costs of the current activity. 
What differentiates them is the amount of resources currently deployed to 
the labor task – if a lot of resources are currently deployed, this should result 
in the feeling of fatigue. If few resources are currently deployed, boredom 
is expected to emerge. These ideas have so far not been tested directly. 
There is a clear need to test the opportunity cost model, as finding support 
for its predictions would provide insight into the possibilities of minimizing 
fatigue and boredom and maximizing productivity and performance while 
engaging in labor.
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In the context of the opportunity cost model, the smartphone can be understood 
as both a highly-valued leisure alternative to some labor task, and a form of 
task disengagement (from labor to leisure). Given that anecdotal evidence 
suggests that people often switch from their labor tasks to their smartphone, 
the smartphone could often be a highly-valued alternative in the environment. 
Thus, studying smartphone use in relation to aversive phenomenology as 
fatigue and boredom advances the scientific literature in several ways. First, it 
can be used as the next-best leisure alterative to a labor task to test theoretical 
predictions of the opportunity cost model. Second, it can provide ecological 
validity to the claim that fatigue leads to task disengagement. Third, it might 
uncover that having the smartphone close while performing labor makes people 
fatigued and/or that interacting with the smartphone can be a recovering break 
as people get fatigued and/or bored.

Based on the line of reasoning laid out above, the main goal of this dissertation 
is to understand how the decision between the engagement with a productive 
task and interacting with one’s smartphone is made. To do so, we will study 
smartphone behavior as a leisure alternative to some labor task, and try to 
understand the role of fatigue and boredom in this decision-making process. 
In what follows, I lay out the specific goals of this dissertation (see Table 1.1 for 
an overview).

Table 1.1. Overview of research goals and chapters.

Research goals

C
ha

p
te

r 2

C
ha

p
te

r 3

C
ha

p
te

r 4

C
ha

p
te

r 5

C
ha

p
te

r 6

Goal 1 Describe smartphone use for work and private purposes x

Goal 2 Understand smartphone use as a labor-to-leisure switch x x x

Goal 3 Understand smartphone use as a rewarding distraction x

Goal 4 Conduct reproducible and replicable research x x x x

Goal 1: Describe smartphone use for work and private purposes

In 2015, when we started with this dissertation research, not a lot of data 
on people’s smartphone behavior had been collected. So, the first goal of 
this dissertation was to learn more about people’s smartphone use for work 
purposes (labor) and private purposes (leisure) on a descriptive level. How 
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many people engage in context-incongruent smartphone use (private use at 
work/work-related use at home; in other words, labor-to-leisure/leisure-to-labor 
switches)? How frequently do they engage in this behavior? How do frequent 
users differ from people that do not use their smartphone a lot in terms of 
demographics as well as their perceptions of their work and private life?

To explore these questions, we collected self-report data from a large sample 
(N = 1544) of Dutch fulltime employees (Chapter 2). Participants reported their 
average smartphone use, demographics, and answered several additional 
questions surrounding their smartphone, as well as their work and private life. 
we then used a data-driven analysis to extract four smartphone user profiles 
and assigned individual participants to their most likely user profile, resulting in 
four different classes. Finally, we described these four smartphone user classes 
in terms of demographics, cognitions towards the smartphone as a tool to 
interact with their work and private life, and perceptions of how their work and 
private life co-exist.

Goal 2: Understand smartphone use as a labor-to-leisure switch

We conducted three sub-projects (described in Chapters 3 – 5) to test the 
motivational perspective on smartphone behavior. In all three of these projects, 
we attempted to simultaneously advance our understanding of smartphone 
use specifically, and motivated human behavior more generally. We designed 
all three sub-projects with these related aims in mind. On the one hand, in 
these chapters we work towards an understanding how the decision to switch 
from a productive task to the smartphone is made. Additionally, we study 
whether people are more likely to interact with their smartphone when they 
are more fatigued and/or bored, and whether people feel less fatigued and/
or bored after having interacted with their smartphone. And we test whether 
these effects are stronger when people value their smartphone more. On the 
other hand, these chapters also advance our understanding of labor vs leisure 
tradeoffs and related changes in phenomenology more generally. In that case, 
the smartphone is just one, ecologically-valid high-value leisure alternative to 
some labor task, from which we intend to generalize to labor vs leisure tradeoffs 
and the predictions of the opportunity cost model. Summarizing, we test the 
following predictions, which are derived from the process model of self-control 
(Inzlicht et al., 2014) and the opportunity cost model (Kurzban et al., 2013):
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1 People are more likely to disengage from a task via the smartphone (i.e., to 
switch from labor to leisure) when more fatigued and/or bored.

2 People feel less fatigued/and or bored after interacting with their own 
smartphone (i.e., after engaging in leisure).

3 People get fatigued faster during labor the higher the value of interacting 
with their own smartphone (i.e., the higher the value of the leisure alternative) 
and recover faster during leisure the higher the value of interacting with their 
own smartphone (i.e., the higher the value of the leisure alternative).

4 People consider both the value of labor and leisure as they decide whether 
or not to switch from a productive task to the smartphone (i.e., from labor 
to leisure).

In Chapter 3, we present a novel experimental paradigm designed to test 
predictions 1 – 3. In three preregistered experiments, participants repeatedly 
reported their current level of fatigue and chose between performing a paid 
labor task and an unpaid leisure task. The labor task stayed constant across 
experiments (a cognitively demanding 2-back task meant to induce fatigue). In 
Study 1, all participants were offered to interact with their own smartphone as 
a leisure alternative to the 2-back task. In Study 2, half of the participants were 
offered a high-value leisure alternative (their own smartphone), the other half 
were offered a low-value alternative (reading in a retirement magazine). In Study 
3, participants were offered one of six real-life leisure alternatives depending 
on their own valuing of said activities (among them, their own smartphone). 
With this data, we were able to test the effect of fatigue on the decision to 
switch from labor to leisure more generally and to the smartphone specifically. 
Additionally, we could test the idea that the higher the value of the leisure 
alternative more generally and the smartphone specifically, the more fatigued 
people would get. And last, we could test the idea that fatigue decreases 
as people switch from labor to leisure generally and the smartphone more 
specifically, and whether this effect gets stronger the higher valued the leisure 
alternative (smartphone) is.

In Chapter 4, we present an experience-sampling study in participant’s natural 
work environment. Participants reported their current level of fatigue and 
boredom every hour of their working day while a logging application continuously 
and objectively quantified their smartphone use. With this data, we could test 
once more predictions 1 – 3. While here the decision context is less controlled 
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compared to Chapter 3 (e.g., not all participants engage in the same labor task), 
the situation is much higher in ecological validity as participants engage in a 
normal working day and interact with their smartphone as they would on any 
other day. The only interference here was the hourly questionnaire participants 
had to fill in, which took about 30 seconds. we were able to test the idea that 
fatigue and boredom predict the switch from labor to the smartphone, the idea 
that fatigue and boredom decrease while engaging with the smartphone, and 
that both of these effects are stronger when the smartphone is valued more.

In Chapter 5, we present an experiment in which we made some small changes 
to the paradigm in Chapter 3 to test prediction 4. One of the weaknesses of 
the choice task used in Chapter 3 is that participants could not freely switch 
back and forth between labor and leisure. Instead, participants repeatedly 
had to choose whether to perform labor or leisure for the next two minutes, 
making the decision to switch somewhat artificial. This was necessary in order 
to probe the participants’ current feeling of fatigue in equal time intervals. 
As we did not measure fatigue in Chapter 5, we were not constrained by this 
limitation. Thus, in Chapter 5, participants could freely switch back and forth 
between the 2-back task and their own smartphone. We manipulated the value 
of labor (high vs low pay) and leisure (airplane mode deactivated vs activated) 
to test whether people consider both the current value of labor and of leisure 
(the smartphone) when deciding whether or not to switch from labor to leisure. 
Additionally, we measured the amount of notifications (e.g., text messages) 
participants received during the experiment and whether these notifications 
influenced the decision to switch.

Goal 3: Understand smartphone use as a rewarding distraction

Third, we set out to test one of the fundamental assumptions of the motivational 
perspective on smartphone behavior, which is that the smartphone is highly 
rewarding. While this idea has high initial plausibility (why else would people 
form such a strong connection with a technological device?), no direct evidence 
for such a smartphone-reward association exists. Additionally, it is an open 
question whether the smartphone is merely a distracting stimulus (e.g., in the 
form of a visual notification, or an auditory ringing), or whether a motivational 
drive to use the smartphone exists beyond this stimulus-driven behavior. 
Showing a smartphone-reward association would give some credibility to 
the latter. This would be especially important given that previous studies that 
showed the smartphone to be distracting make this assumption as well (e.g., 
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Stothart et al., 2015; Thornton et al., 2014). So, we attempted to design the most 
direct test of this idea possible under controlled experimental conditions.

To do so, we adapted a well-established paradigm that shows that attention 
prioritizes information that signal reward (Anderson, Laurent, & Yantis, 2011a; Le 
Pelley, Pearson, Griffiths, & Beesley, 2015; Rusz, Bijleveld, & Kompier, 2018). In 
this paradigm, participants usually first learn to associate an arbitrary feature of 
a stimulus (e.g., color) with varying levels of reward. In a second task, this feature 
of the stimulus becomes irrelevant to the task at hand. Participants then tend to 
perform worse on the task when they are distracted by the color that indicated 
high reward. The explanation for this phenomenon is that the information that 
signals reward gets attentional priority, and hence distracts from the main task 
goal. Applying this to the smartphone, we tested whether applications that 
signal high reward (i.e., social apps, such as WhatsApp, Facebook, Instagram) 
would be more distracting in such a task than applications that signal low reward 
(i.e., neutral apps, such as Weather, Calculator, Settings). Social apps should 
be more rewarding as, unlike useful apps that might have informational value, 
they satisfy people’s strong need to belong (Baumeister & Leary, 1995). We 
validated this claim by asking people to self-report the rewardingness of these 
apps in an independent sample. If social apps indeed are more distracting in a 
visual search task, this would imply that people learned the association between 
the applications and rewards in real life. We chose to compare high-reward 
smartphone applications to low-reward smartphone applications (as compared 
to a set of unrelated low-reward stimuli) as this would provide the strictest 
test of a smartphone-reward association. This study is reported in Chapter 6. 
Additionally, we deprived half of the participants an hour prior to and during 
the experiment of their smartphone. As deprivation of rewarding stimuli tends 
to increase their saliency (e.g., Seibt, Häfner, & Deutsch, 2007), smartphone-
deprived individuals should be especially prone to the distraction.

Goal 4: Conduct reproducible and replicable research

In 2015, the year that we started this PhD project, a large-scale replication 
project showed that the replicability of psychological science (i.e., the degree to 
which similar results are found when a study is replicated) was rather low (Open 
Science Collaboration, 2015). Over the course of the past five years, many more 
highly-cited studies failed to replicate (e.g., Hagger et al., 2016; O’Donnell et al., 
2018; Wagenmakers et al., 2016). Following this ‘crisis’, several partial solutions 
have been proposed, combined under the umbrella term of ‘Open Science’. 
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These solutions were meant to improve the reproducibility (i.e., the degree to 
which other research groups can reproduce the results in published articles) 
and replicability (i.e., the degree to which replications of studies yield similar 
results) of psychological research (Munafo et al., 2017). Among others, these 
include the preregistration of hypotheses, research design, and analysis plans 
as well as the sharing of raw data, analysis scripts, and study materials. The 
idea behind preregistration is to limit the paths through the garden of forking 
data-analytic choices to one, which reduces the rate of false-positive findings 
(Gelman & Loken, 2013; Simmons, Nelson, & Simonsohn, 2011). In order to 
maximize the reproducibility and replicability of my research, my goal was to 
engage in the following Open Science practices:

• Whenever possible, to preregister research that is meant to test an a priori 
hypothesis

• Whenever possible, to share data, analysis scripts, and study materials in a 
public repository

The study reported in Chapter 2 was a purely exploratory project in which 
we tested no a priori hypotheses, and hence was not preregistered. All other 
studies reported in this dissertation were preregistered. The data for Chapter 
2 was collected in collaboration with an external institute. As this data is not 
owned by Radboud University, we did not share the data, analysis scripts, and 
study materials publicly. The data, analysis scripts, and study materials of all 
other studies reported in this dissertation are publicly shared on the Open 
Science Framework (osf.io/6959e).
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work using latent class analysis
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ABSTRACT

The smartphone can be used for two context-incongruent purposes (work-
related use at home and private use at work). We aimed to (1) identify 
subgroups of context-incongruent smartphone users and (2) identify differences 
in demographic, smartphone-related, and occupational health-related 
characteristics among the identified subgroups. Due to a lack of theory and 
data on this modern behavior we conducted an exploratory and data-driven 
latent class analysis of work-related smartphone use at home and private 
smartphone use at work in a large sample of Dutch fulltime employees. Our 
analysis identified four classes that showed a symmetric gradient in both types of 
use. Comparisons of frequent and infrequent context-incongruent smartphone 
users revealed several interesting insights regarding demographic (e.g. frequent 
users were younger, more likely to be married or in a relationship, and less likely 
to work from their employer’s site), smartphone-related (e.g. frequent users 
were more likely to be provided a smartphone by their employer, attached 
more importance to their work-related and private smartphone interactions, 
and reported higher fear of missing out), and occupational health-related (e.g. 
frequent users reported only slightly higher job demands, job control, and 
work-home interference, but at the same time lower segmentation preferences 
and psychological detachment) characteristics. These findings provide insight 
into the wide-spread occurrence of work-related smartphone use at home and 
private smartphone use at work and should help to develop theory on and 
understand the outcomes of these modern behaviors.
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CHARACTERIZING WORK-RELATED SMARTPHONE USE AT 
HOME AND PRIVATE SMARTPHONE USE AT WORK USING 
LATENT CLASS ANALYSIS

The way the introduction of the smartphone has led to an enormous change 
in our everyday lives, and more specifically its role in blurring the boundaries 
between work and private life, has been discussed (e.g. Demerouti, Derks, ten 
Brummelhuis, & Bakker, 2014) and empirically investigated (e.g. Derks, van 
Duin, Tims, & Bakker, 2015) at great length. Most of the debate has focused 
on how the smartphone has made work more accessible in the private domain 
(i.e., work-related smartphone use at home). Although employees themselves 
report that the smartphone helps them to integrate responsibilities in the work 
and private domain (American Psychological Association, 2013), research has 
indicated that using the smartphone for work-related matters at home can 
impede the recovery process (e.g. Park, Fritz, & Jex, 2011) and increase work-
home interference (e.g. Derks et al., 2015), which highlights the importance to 
study this type of smartphone use from an occupational health perspective.

Given that the smartphone has provided employees with a tool to stay connected 
to work outside of working hours, it stands to reason that it also allows them 
to stay more connected to their private life while being at work (i.e., private 
smartphone use at work). However, research on this side of the coin is missing. 
It can be argued that private smartphone use at work can be conceptualized 
in a positive way (being a break from work/recovery opportunity) or a negative 
way (being an interruption). Hence, it will be important to study its potential 
positive and negative outcomes. An important intermediate step to this aim 
is to get a good conceptual understanding of the behavior itself. Additionally, 
both types of context-incongruent smartphone use can be expected to increase 
as organizations are giving their employees more freedom in how, when, and 
where to work (Demerouti et al., 2014) and ‘digital natives’ (younger generations 
that have grown up with modern technology like the smartphone; Voorveld & 
van der Groot, 2013) make up a larger proportion of the labor force.

In summary, work-related smartphone use at home and its potential outcomes 
has been studied extensively, while private smartphone use at work has not 
received any attention. As the smartphone can be used for both context-
incongruent purposes, it is important to study both types of smartphone use 
simultaneously. Furthermore, it can be argued that it is important to study 
the individual and environmental context in which smartphone use takes 
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place, which will aid in developing theory and in understanding its effects on 
potential outcomes. Additionally, with a behavior that seems as omnipresent 
as smartphone use, it would be useful to quantify the behavior itself in a large 
and heterogeneous sample. Studies so far have been conducted with selective 
samples only (e.g. with employees who have been provided a smartphone by 
their employer, Derks et al., 2015). Because of this, up until now it cannot be 
concluded a) how many employees engage in context-incongruent smartphone 
use, b) how much employees engage in context-incongruent smartphone 
use, c) whether employees are likely to engage in both of the two context-
incongruent smartphone uses to the same extent or are likely to engage in one 
more than the other, and d) whether certain characteristics of the work context 
or the individual make it more likely that context-incongruent smartphone use 
occurs.

Study aim

Therefore, in lack of theory and data, the aim of this study is to get insight 
into a) – d) by (1) conducting an exploratory latent class analysis (LCA) of 
work-related smartphone use at home and private smartphone use at work to 
identify subgroups of context-incongruent smartphone users, and (2) describing 
differences in demographic, smartphone-related, and occupational health-
related characteristics between the identified classes. LCA is a person-centered 
statistical technique that identifies unobserved subgroups of individuals, using 
a set of measured variables as input, in a data-driven manner.

METHOD

Participants and Procedure

The sample came from a panel of participants of a nation-wide survey 
(Netherlands Working Conditions Survey (NWCS), year 2014) conducted by 
the Netherlands Organisation for Applied Scientific Research (TNO; Hooftman, 
Mars, Janssen, de Vroome, & van den Bossche, 2015). This original survey was 
sent to 143,989 Dutch employees, of which 41,657 participated (response rate 
28.9%). Of these participants, 9855 were working 32 hours or more per week 
(2014) and gave their permission to be contacted for follow-up surveys. In the 
Spring of 2016 we sent this sub-sample a survey invitation via e-mail. In the 
invited sub-sample, 2116 filled in our questionnaire (response rate 21.5%). Of  
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this sample, we excluded 572 participants who i) now worked less than 32 hours 
per week (123 participants) ii) indicated that they did not own a smartphone 
at the time of filling in the survey (106 participants), or who did not fill in the 
questions about smartphone use (343 participants). This left us with a final 
sample of 1544 (75.1% male) individuals (Mage = 47.23, SDage = 10.64; 47.8% 
held at least a Bachelor’s degree; Mweekly work hours = 39.73, SDweekly work hours = 5.70). 
A more complete description of the overall sample can be found in the 
supplementary online materials. Compared with the Dutch full-time working 
population, our sample contained about two percent more females, was about 
four and a half years older on average, and about six percent more likely to hold 
at least a bachelor’s degree.

Measures

If not indicated otherwise, items were answered on a 5-point Likert scale 
ranging from 1 (strongly disagree) to 5 (strongly agree).

Work-related smartphone use at home & private smartphone use at work. 
We developed four items to measure context-incongruent smartphone use. We 
distinguished between checking and using behavior, because two individuals 
who use the smartphone to the same extent, but differ in the degree to which 
they check for messages, exhibit different interaction patterns. Two items 
measured how often participants use (i.e., manipulating the smartphone beyond 
checking) their phone for work-related (private) matters at home (work) (i.e., 
“How often do you use your smartphone for work-related matters at home on 
an average working day?”; “How often do you use your smartphone for private 
matters at work on an average working day?”), and two items measured how 
often participants check (for messages/notifications without further action) their 
phone while at home (work) (i.e. “How often do you check your smartphone at 
home on an average working day?”; “How often do you check your smartphone 
at work on an average working day?”). The reference to a work-related/private 
purpose was removed from the checking items because the smartphone is not 
always checked with a specific purpose in mind. An earlier study (Kobayashi & 
Boase, 2012) has shown that people make systematic errors when self-reporting 
the exact frequency of their smartphone use. With the aim of minimizing this 
bias we decided to offer our participants broad answer options on a 6-point 
Likert scale (1 = “never”, “once a day”, “several times a day”, “once an hour”, 
“several times an hour”, 6 = “every few minutes”).

CompleteDissertation_DoraJonas_productie.indd   29CompleteDissertation_DoraJonas_productie.indd   29 14-08-2020   16:0814-08-2020   16:08



30

Chapter 2

Fear of missing out. We adapted the three items used by Reinecke et al. (2016) 
measuring fear of missing out when using the internet less. Our items reflected 
fear of missing out when using the smartphone less for work-related matters at 
home and for private matters at work (e.g. “If I would use my smartphone less 
for work-related (private) matters while at home (work), I would fear missing out 
on important things.”; αW = .83 & αNW = .81).

Smartphone-related questions. We asked participants with 1-item measures 
to what extent their job is dependent on daily usage of their smartphone (“For 
the optimal execution of my job, daily use of a smartphone is necessary.”) and 
to what extent their work-related use at home and private use at work is of 
personal importance to them (“The work-related (private) things that I do on 
my smartphone at home (work) are very important to me)

Job demands. Three items were used from the Netherlands Working Conditions 
Survey (Hooftman et al., 2015). The items (e.g. “Do you need to work really 
fast?”) were answered on a 4-point scale (= 0 Never, 3 = Always; α = .85 ).

Job control. Six items from the Netherlands Working Conditions Survey 
(Hooftman et al., 2015) were used. The items (e.g. “Can you decide yourself on 
your work pace?”) were answered on a 3-point scale (1= No, 2= Yes, sometimes, 
3 =Yes, regularly; α = .76 ).

Segmentation preferences. To measure work-home segmentation preferences, 
three items from Kreiner’s (2006) 4-item scale were used (e.g. “I don’t like to 
have to think about work while I’m at home.”). One item was dropped due to 
difficulties mirroring it to reflect segmentation preferences at work. The items 
showed sufficient internal reliability (α = .76). We mirrored these three items to 
reflect home-work segmentation preferences (α = .80).

Psychological detachment. The four respective items from the Recovery 
Experience Questionnaire (Sonnentag & Fritz, 2007) were used (e.g. “During 
my leisure time after work, I distance myself from work”; α = .88 ) .

Work-home/home-work interference. To measure negative WHI (HWI), we 
used the 8 (4) respective items from the SWING questionnaire (Geurts, Taris, 
Kompier, Dikkers, van Hooff, & Kinnunen, 2005). The items (e.g. “How often 
does it happen that your work schedule makes it difficult for you to fulfill your 
domestic obligations?”; “How often does it happen that your performance at 
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work suffers due to problems with your partner/family/friends?”) were answered 
on a 4-point Likert scale (0 =[almost] never, 3= [almost] always; αWHI = .85 & 
αHWI = .76).

Data Analytic Procedure

To identify subgroups of context-incongruent smartphone users in an 
exploratory data-driven manner, we conducted a latent class analysis with 
the poLCA package (Linzer & Lewis, 2011) in R (v3.4.2; R Core Team, 2017). 
Indicators of the LCA were our four items measuring using the smartphone for 
work-related matters at home (1) and private matters at work (2) and checking 
the smartphone at home (3) and at work (4). We conducted LCAs that specified 
2 – 10 classes and repeated these computations 10 times for robustness. We 
accepted the latent class structure with the best model fit as indicated by the 
Bayesian Information Criterion (BIC), which has been shown to be the best-
performing information criterion for LCAs in a Monte Carlo simulation study 
(Nylund, Asparouhov, & Muthén, 2007). After extracting the identified latent 
classes, we assigned individuals to their most likely class and compared them 
on several demographic, smartphone-related, and occupational health-related 
characteristics.

RESULTS

Latent class analysis

The LCA identified a four-class model as the best fitting model according to 
the BIC. Table 2.1 gives an overview over the amount of context-incongruent 
smartphone use reported in the identified classes. 15.2% (n = 235) of 
participants were classified in the class that reported the highest smartphone 
checking at home and at work and using both for work-related matters

at home and for private matters at work (“high-high” class). 15.8% (n = 244) 
of participants were classified in the class that reported medium amounts of 
checking at home and work-related smartphone use at home and high amounts 
of checking at work and private smartphone use at work (“medium-high” class). 
41.1% (n = 635) of participants were classified in the class the reported medium 
amounts of checking at home and at work and using for work-related matters 
at home and private matters at work (“medium-medium” class). 27.8% (n = 430) 
of participants were classified in the class that reported the lowest checking 
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at home and at work and using for work-related matters at home and private 
matters at work (“low-low” class). A more complete description of the identified 
classes can be found in the supplementary online materials.

Table 2.1. Means (1 – 6) and standard deviations of indicators of both types of smartphone 

use in the four latent classes of context-incongruent smartphone users

  Work-related smartphone use at home  Private smartphone use at work

 Checking  Using  Checking  Using

M (SD) M (SD) M (SD) M (SD)

High-high 4.90 (0.47) 3.71 (1.36) 4.85 (0.65) 3.54 (1.06)

Medium-high 3.48 (1.33) 2.11 (0.97) 4.43 (0.50) 3.49 (0.79)

Medium-medium 3.23 (0.62) 2.28 (0.85) 3.30 (0.63) 2.68 (0.54)

Low-low 2.23 (1.10) 1.35 (0.63) 2.62 (0.86) 1.84 (0.67)

Differences among latent classes

Due to an observed gradient in the classes of context-incongruent smartphone 
users, which was somewhat mirrored in differences in demographic, 
smartphone-related, and occupational health-related characteristics, we chose 
to only present effect sizes for the differences between the “high-high” and 
the “low-low” class to be parsimonious (results of comparisons between the 
other classes can be obtained from the first author on request). We used odds 
ratios as an effect size for dichotomous variables and Hedges’ g for continuous 
variables (0.2, 0.5, and 0.8 respectively were used as indicators of small, 
medium, and high values of Hedges’ g). In case that the odds of the “high-
high” class were smaller than the odds of the “low-low” class, we reversed the 
order to ease interpretation of the odds ratios.

Differences in demographic characteristics among classes

Table 2.2 summarizes the differences in demographic characteristics among 
the four classes. Compared to the “low-low” class, participants in the “high-
high” class were 5.65 years younger (medium difference) and worked 2.62 hours 
more per week on average (small difference). They were 1.63 times as likely to 
be male and 2.60 times as likely to be married or in a relationship. Participants 
in the “high-high” class were 1.65 times as likely to hold a university degree 
and were 1.63 times as likely to work in a white-collar occupation. Participants 
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in the “low-low” class were 2.67 times as likely to work at their employer’s site 
compared to at home or at varying places. Participants in the “high-high” class 
were 1.76 times as likely to hold a leadership position.

Table 2.2. Differences in demographic characteristics among the four latent classes

High-high
(n = 235)

Medium-high
(n = 244)

Medium-medium
(n = 635)

Low-low
(n = 430)

Odds Ratio
(95% CI)

GHedges

M (SD) M (SD) M (SD) M (SD)

Age
Working hours

44.63 (10.75)
41.17 (6.82)

43.26 (10.68)
39.47 (5/32)

   47.66 (10.48)
   40.09 (5.69)

50.28 (9.77)
38.55 (4.97)

-0.56
0.21

% % % %

Gender
 Male
 Female

79.6%
20.4%

76.6%
23.4%

75.9%
24.1%

70.5%
29.5%

1.63 (1.12, 2.38)

Relationship status
 Married/
 relationship
 Single

89.8%

10.2%

79.4%

20.6%

84.1%

15.9%

77.2%

22.8%

2.60 (1.61, 4.19)

Education
 University level
 Higher/lower  
 secondary

53.8%
46.2%

59.8%
40.2%

45.2%
54.8%

41.4%
58.6%

1.65 (1.20, 2.28)

Occupation
 White-collar
 Blue-collar

65.0%
35.0%

68.6%
31.4%

62.4%
37.6%

53.3%
46.7%

11.63 (1.06, 2.48)

Workplace
 At employer’s site
 At home/at 
 varying places

60.0%
40.0%

65.6%
34.4%

69.1%
30.8%

80.0%
20.0%

2.67 (1.88, 3.79)

Leadership position
 Yes
 No

42.6%
57.4%

33.6%
66.4%

38.0%
62.0%

29.6%
70.4%

1.76 (1.27, 2.46)

Note. Percentages do not need to add up to 100% due to rounding. Effect sizes relate to differences 
between the “high-high” and the “low-low” class.

Differences in smartphone-related characteristics among classes

Table 2.3 summarizes the differences in smartphone-related characteristics 
among the four latent classes. Participants in the “high-high” class reported 
their job to be more dependent on daily usage of their smartphone (large 
difference) and attached more personal importance to their work-related 
smartphone use at home (medium difference) and to their private smartphone 
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use at work (small difference). They reported higher fear of missing out at 
home (large difference) and at work (large difference). Compared to the “low-
low” class, participants in the “high-high” class were 4.34 times as likely to be 
provided a smartphone by their employer and were more likely to receive push 
notifications to the lock screen of their smartphone.

Table 2.3. Differences in smartphone-related characteristics among the four latent classes

High-high
(n = 235)

 Medium-high
  (n = 244)

Medium-medium
(n = 635)

Low-low
(n = 430)

Odds Ratio
(95% CI)

GHedges

M (SD) M (SD) M (SD) M (SD)

Job dependent on daily 
smartphone usage

3.82 (1.35) 3.04 (1.51) 3.05 (1.35) 2.28 (1.42) 1.10

Personal importance work-
related smartphone
use at home

3.32 (1.06) 2.80 (1.17) 2.96 (1.05) 2.43 (1.29) 0.73

Personal importance
private smartphone
use at work

3.32 (0.91) 3.09 (0.95) 3.09 (0.94) 2.94 (1.31) 0.32

Fear of missing out
at home

2.70 (0.87) 2.32 (1.01) 2.34 (0.95) 1.75 (0.88) 1.08

Fear of missing out
at work

2.46 (0.87) 2.42 (0.84) 2.14 (0.82) 1.75 (0.83) 0.84

% % % %

Smartphone provided
by employer
 Yes
 No

63.0%
37.0%

47.5%
52.5%

46.1%
53.9%

28.1%
71.9%

4.34
(3.10, 6.09)

Receiving push noti-
fications to lock screen
 Never/sometimes
 Often/Always

32.8%
67.2%

34.9%
65.1%

48.0%
52.0%

61.7%
38.3%

3.31
(2.35, 4.67)

Note. Percentages do not need to add up to 100% due to rounding. Effect sizes relate to differences 
between the “high-high” and the “low-low” class.

Differences in occupational health-related characteristics among 
classes

Table 2.4 summarizes the differences in occupational health-related 
characteristics among the four latent classes. Participants in the “high-
high” class reported higher job demands and job control (small difference). 
Participants in the “low-low” class reported higher segmentation preferences at 
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home (medium difference) and at work (medium difference). They also reported 
higher psychological detachment (medium difference). Participants in the “high-
high” class reported higher work-home interference (small difference). However, 
it must be noted that reported work-home interference was quite low in both 
classes. The differences regarding home-work interference were very small.

Table 2.4 Differences in occupational health-related characteristics among the four latent 

classes

High-high
(n = 235)

Medium-high
(n = 244)

Medium-medium
(n = 635)

Low-low
(n = 430)

GHedges

M (SD) M (SD) M (SD) M (SD)

Job demands 1.59 (0.62) 1.37 (0.59) 1.49 (0.59) 1.47 (0.61) 0.20

Job control 2.62 (0.43) 2.58 (0.41) 2.54 (0.43) 2.44 (0.45) 0.41

Segmentation preferences 
at home

2.80 (0.95) 3.90 (0.91) 3.07 (0.83) 3.37 (0.85) -0.64

Segmentation preferences 
at work

2.90 (0.84) 3.02 (0.81) 3.21 (0.77) 3.41 (0.78) -0.64

Psychological detachment 2.56 (0.83) 2.91 (0.86) 2.81 (0.84) 3.10 (0.82) -0.65

Work-home interference 0.61 (0.48) 0.54 (0.48) 0.57 (0.46) 0.51 (0.44) 0.22

Home-work interference 0.24 (0.40) 0.23 (0.33) 0.21 (0.30) 0.21 (0.31) 0.09

Note. Percentages do not need to add up to 100% due to rounding. Effect sizes relate to differences 
between the “high-high” and the “low-low” class.

DISCUSSION

The smartphone can be used for two context-incongruent purposes (i.e., 
work-related use at home and private use at work). In this study, we used 
LCA to identify distinct subgroups of context-incongruent smartphone users 
and to obtain insight into individual and environmental characteristics of these 
subgroups. Four latent classes were identified in this large and heterogeneous 
sample. These classes followed a gradient on our four items measuring 
smartphone use, with the “high-high” class reporting frequent checking at home 
and at work and using of the smartphone for work-related matters at home and 
private matters at work, the “low-low” class barely reporting any checking and 
using in both contexts, and two classes in between. This shows that in this large 
and heterogeneous sample most employees use their smartphone in both 
contexts, albeit to strongly varying degrees (‘once a day’ to ‘several times an 
hour’). Of note, no class was identified that used the smartphone frequently in 
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one context but rarely in the other context. This may be considered surprising 
given the very different connotations associated with both uses (work at home 
versus leisure at work) and may point to a more general decision each individual 
makes whether and to what extent to make use of the smartphone. Interestingly, 
participants reported to check and use the smartphone for private matters at 
work slightly more often compared to checking and using it for work-related 
matters at home. This finding further reinforces the need to study the distractive 
potential of private smartphone use at work, but also whether it may act as a 
recovery opportunity if used in the correct way.

The comparison of the “high-high” and the “low-low” class revealed several 
interesting insights. Our results indicate that younger employees use their 
smartphone more, and that this holds true both for work-related matters at 
home and private matters at work. To our surprise, participants in the “high-
high” class were much more likely to be married or in a relationship than 
participants in the “low-low” class. This could imply that employees mostly 
use their smartphone during work to communicate with their spouse and that 
they “re-pay” this flexibility during working hours with using the smartphone 
for work-related matters in their leisure time (possibly due to their perceptions 
of fairness; Adams, 1965). The analysis also showed that employees in the 
“high-high” class were much less likely to work from their employer’s site. This 
supports the intuitive notion that the smartphone as a mobile device is being 
used to work from anywhere, and it seems that it is the same employees who 
also choose to use it to interact with their private life during work.

 Several large differences were observed regarding smartphone-related 
characteristics between the “high-high” and the “low-low” class. Participants 
in the “high-high” class were more than four times as likely to be provided a 
smartphone by their employer, they rated their job as a lot more dependent 
on using their smartphone, they attached more importance both to their 
work-related and private smartphone interactions, and were more afraid of 
missing out on relevant short-term developments both in their work and private 
context. They were also much more likely to have push notifications installed 
on their smartphone. Overall, these findings indicate that frequent context-
incongruent smartphone users rely more heavily on the smartphone both from 
the perspective of their job and from their personal needs.

Finally, our findings imply several interesting insights regarding context-
incongruent smartphone use from an occupational health perspective. 
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Participants in the “high-high” class reported only slightly higher job demands 
and job control. Furthermore, participants in the “high-high” class reported 
a lower preference to separate their work and private life both while at home 
and while at work. This extends an earlier study that found a link between 
segmentation preferences at home and higher work-related technology use at 
home (Park et al., 2011). The “high-high” class also reported lower psychological 
detachment, which extends previous work that found a negative association 
between work-related smartphone use at home and psychological detachment 
(Derks, van Mierlo, & Schmitz., 2014). As psychological detachment is crucial 
for off-job recovery to be effective (e.g. Sonnentag & Bayer, 2005), our finding 
adds to the growing literature that indicates that using the smartphone for work-
related matters may impede off-job recovery. Lastly, the differences regarding 
WHI between the “high-high” and the “low-low” class were small at best. This 
finding is at odds with two diary studies that found a positive relationship 
between work-related smartphone use at home and WHI (Derks & Bakker, 2014; 
Derks et al., 2015), but are in line with another diary study that did not find this 
relationship (Derks, ten Brummelhuis, Zecic, & Bakker, 2014). However, it must 
be noted that our sample reported a lot less WHI compared to the convenience 
samples used in these diary studies.

Limitations and future directions

This study had several limitations that need to be emphasized when considering 
our findings. We have already discussed the problems associated with self-
reporting smartphone use in the method section. However, given that collecting 
log data is not feasible when one aims to recruit such a large sample, we 
believe that making use of self-reports was an adequate choice in light of our 
research aims. Nonetheless, future studies should consider the use of log data 
to accurately capture participants’ smartphone use frequency. Additionally, 
two of the items that served as input to our latent class analysis (checking 
the smartphone at home and at work) do not reflect context-incongruent 
smartphone use in 100% of the cases. Hence, our four identified latent classes 
are not based solely on the amount of context-incongruent smartphone 
use reported but also on an indicator of how often the participants pick up 
their smartphone at home and at work in general. We have already argued 
for the addition of these questions in the method section. To see whether 
this affected our results in a major way, we repeated our analyses only with 
the two context-incongruent smartphone use items as input to the LCA. This 
analysis resulted in two classes (“high-high” and “low-low”) that differed on 
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our remaining measures in the same directions to our main analysis, albeit 
somewhat smaller in magnitude. Finally, our sample was not fully representative 
of the Dutch working population. As our sample only included employees who 
worked fulltime, it remains unknown if this study’s findings can be generalized 
to workers employed for different numbers of hours. Furthermore, our sample’s 
demographics differed slightly from those of the Dutch fulltime working 
population. Regarding this latter issue, we argue that the age difference is 
most relevant for our main measure of smartphone use. Given that younger 
people are more likely to be intensive smartphone users, this should mean that 
the size of our “high-high” class is slightly conservative.

Despite these limitations, we believe that the results of our study contribute 
to understanding work-related smartphone use at home and private 
smartphone use at work by identifying four classes of smartphone users 
and by differentiating between these classes on relevant individual and 
environmental characteristics. Ideally, the results from this exploratory study 
should be used to formulate hypotheses that should be tested using pre-
registered studies objectively quantifying smartphone use through logging 
data from the smartphone directly.
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ABSTRACT

Most people experience the feeling of mental fatigue on a daily basis. Previous 
research shows that mental fatigue impacts information processing and decision 
making. However, the proximal causes of mental fatigue are not yet well 
understood. In this research, we test the opportunity cost model of mental 
fatigue, which proposes that people become more fatigued when the next-
best alternative to the current task is higher in value. In three preregistered 
experiments (total N = 300), participants repeatedly reported their current level 
of fatigue and chose to perform a paid labor task vs an unpaid leisure task. In 
Study 1, all participants were offered the same labor/leisure choice. In Studies 2 
and 3, we manipulated the opportunity costs of a labor task through the value 
of an alternative leisure task. In all studies, we found that people were more 
likely to choose for leisure as they became more fatigued. We did not find that 
the manipulated leisure value influenced the amount of fatigue participants 
experienced nor the likelihood to choose for leisure. However, in exploratory 
analyses, we found (and replicated) that participants who reported to value 
the leisure task more got more fatigued during labor and less fatigued during 
leisure. Collectively, these results provide cautious support for the opportunity 
cost model, but they also show that cost-benefit analyses relating to labor and 
leisure tasks are fleeting.
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THE EFFECT OF OPPORTUNITY COSTS ON MENTAL  
FATIGUE IN LABOR/LEISURE TRADEOFFS

For most people, most of the time, prolonged cognitive activity results in an 
aversive subjective experience called mental fatigue. Although scientists are 
still struggling to agree on a definition of mental fatigue, there is consensus 
that mental fatigue involves a feeling of tiredness and a reduced willingness 
to invest further effort (Hockey, 2013). Also, there is consensus that fatigue, 
as it increases with time on task, is accompanied by impaired performance, 
at least during laboratory tasks (Kato, Endo, & Kizuka, 2009). In line with 
this consensus, research shows that the feeling of fatigue impacts human 
information processing and decision making (Hopstaken, van der Linden, 
Bakker, & Kompier, 2015b) and that fatigue is a risk factor for workplace 
accidents (Swaen, Van Amelsvoort, Bültmann, & Kant, 2003) and errors 
(Baker, Olson, & Morisseau, 1994). Given that fatigue is experienced by so 
many people on a daily basis, and given its consequences for cognition and 
behavior, it is worthwhile to study fatigue. Yet, despite more than 100 years 
of research on the subject (Dodge, 1917), we still have no good answers 
to several basic questions surrounding fatigue. For example, what are the 
proximal causes of the feeling of fatigue? And, how is it possible that people 
can sometimes work hard for hours and not feel fatigued?

In the past decades, mental fatigue has usually been conceptualized as a 
negative consequence of investing mental effort that arises when some limited 
resource gets depleted (Kahneman, 1973; Muraven, Tice, & Baumeister, 1998; 
Wickens, 2002). In other words, fatigue was often thought to be a signal that 
indicates that a metaphorical mental battery is being drained. Although 
these models have been important for the field (they inspired a large body of 
empirical work), they have been less well-regarded recently for at least three 
reasons. First, they are circular (Hockey, 2011; Lurquin & Miyake, 2017). That 
is, they claim that people become fatigued due to a depleted resource, while 
fatigue is seen as an indicator of depletion. Second, several findings emerged 
that are seemingly incompatible with the depletion model (e.g., the effect can 
be reversed by increasing task motivation, Hopstaken, van der Linden, Bakker, 
Kompier, & Leung, 2016; Muraven & Slessareva, 2003; by meta-cognitive beliefs, 
Job, Dweck, & Walton, 2010; and by perceiving oneself as vital, Clarkson, Hirt, 
Jia, & Alexnander, 2010). Third, attempts to pinpoint the resource that is being 
depleted when people start to feel fatigue have been unsuccessful (Kurzban, 
2010; Orquin & Kurzban, 2016).
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As it thus became clear that a critical theoretical revision was needed, in the past 
decade, several researchers proposed motivational models that conceptualize 
fatigue as an adaptive signal that reflects the costs of performing the current 
activity (Boksem & Tops, 2008; Hockey, 2011; Inzlicht, Schmeichel, & Macrae, 
2014; Kurzban et al., 2013). According to these models, changes in motivation 
lead to changes in how resources are deployed rather than depleted. These 
motivational accounts have in common that they view fatigue as a functional 
experience that supports goal pursuit. In particular, when people have the 
choice to pursue multiple goals, fatigue can be thought of as a ‘stop emotion’ 
(Meijman, 1997; van der Linden, 2011) that triggers a reconsideration of 
priorities. In other words, fatigue may function as a signal to disengage from 
the currently-selected activity, in order to switch to doing something else.

One of these motivational models, the opportunity cost model (Kurzban et 
al., 2013), proposes a specific mechanism that explains the occurrence of 
fatigue. The opportunity cost model starts out from the observation that the 
human mind is capable of pursuing multiple goals but that it can usually only 
work towards one goal at a time (Shenhav et al., 2017). Thus, people need to 
continuously prioritize one activity over a set of alternative activities (Kurzban et 
al., 2013). As carrying out an activity makes it more difficult to do other things at 
the same time, activities carry opportunity costs. According to the opportunity 
cost model, these costs equal the utility of the next-best activity that is currently 
not carried out. In the model, the utility of an activity is thought to be the 
rewards relative to the costs associated with the activity. The experience of 
fatigue, then, is the output of a cost-benefit analysis that weighs the utility of 
the current activity against the utility of the next-best alternative(s).

The opportunity cost model suggests that fatigue functions as a conscious signal 
that tells people that it is time to switch activities, as alternative activities likely 
have higher utility than the current one. For example, while writing a paper, 
a student would get fatigued faster if the alternative in the environment (e.g., 
texting a friend) would have higher utility in that moment. Following from this, 
the model predicts that as long as the currently-selected activity carries the most 
favorable cost-benefit ratio, one would not become fatigued, or only very slowly 
so. On the other hand, as soon as the relative utility of the next-best alternative is 
higher than the utility of the currently-selected activity, fatigue should emerge.

A decision context that often involves fatigue pertains to decisions between 
cognitive labor (i.e., investing effort to obtain a reward) and cognitive leisure 
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(i.e., performing a non-demanding, relieving activity; Inzlicht, Schmeichel, & 
Macrae, 2014; Kool & Botvinick, 2014). Previous research shows that people 
gradually disengage from a mentally demanding task when they are fatigued 
(Hopstaken, van der Linden, Bakker, & Kompier, 2015a; Warm, Parasuraman, 
& Matthews, 2008). For example, a student studying in the library can choose 
to continue to study (mental labor) or to disengage from studying to play with 
her smartphone (mental leisure). Following the model (and assuming that the 
student values playing with her smartphone), the student should become 
fatigued faster if she brought her phone with her (versus not). After all, not 
bringing her phone to the library should remove a high-value alternative activity. 
As the student becomes fatigued faster when she brought her phone, she 
should also disengage from her labor task earlier to switch to the highest-valued 
alternative task that is currently available.

In this paper, we try to understand the origin of fatigue through the lens of the 
opportunity cost model of mental fatigue (Kurzban et al., 2013). In three studies, 
we test three basic hypotheses derived from the model. First, we hypothesize 
that people are more likely to decide to perform leisure (vs labor) tasks when 
they are more fatigued (Kurzban et al., 2013, see also Inzlicht et al., 2014; Study 
1). Second, we hypothesize that during labor the feeling of fatigue increases 
with the utility of available leisure activities, while during leisure the feeling of 
fatigue decreases with the utility of the same leisure activities (Studies 2 – 3). 
Third, we hypothesize that people are more likely to decide to perform leisure 
(vs labor) tasks when the utility of the leisure task relative to the labor task is 
higher (Studies 2 – 3). Within these studies, we test how people make decisions 
between cognitive labor (e.g., performing a 2-back task) and cognitive leisure 
(e.g., interacting with one’s smartphone).

In all studies, participants repeatedly (a) reported their current level of fatigue, (b) 
chose between a paid labor task vs an unpaid leisure task, and then (c) executed 
their choice. Our task contained a key difference compared to previous work on 
the tradeoff between cognitive labor and cognitive leisure (Kool & Botvinick, 
2014; Rom, Katzir, Diel, & Hofmann, 2019). Whereas in previous work leisure 
was often operationalized as an easier version of the labor task, we offered 
participants the choice between two qualitatively different alternatives. We 
chose to do this in order to more closely model decisions in real life, where 
choices between labor and leisure tend to be less similar than a high- and low-
demanding alternative of the same task (Algermissen, Bijleveld, Jostmann, & 
Holland, 2019). Hence, we combine the experimental control of the laboratory 
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with the ecological validity of real-world leisure activities. For instance, recent 
work suggests that many students (Orben & Przybylski, 2019) and office workers 
(Dora, van Hooff, Geurts, Hooftman, & Kompier, 2019) interrupt their work 
flow many times a day in order to interact with their smartphone. Given the 
qualitative difference between labor (effortful, gainful activity) and leisure 
(non-effortful, relieving activity), we will test the model offering participants 
to interact with their own smartphone and similar real-life leisure activities.

STUDY 1

Study 1 tested the prediction that fatigue relates to subsequent choice, such 
that participants are more likely to choose to carry out a leisure task when 
they are more fatigued. Secondary, in line with the basic idea that leisure tasks 
help people recover (Inzlicht et al., 2014; Kurzban et al., 2013), we predicted 
that change in fatigue after performing a leisure task is less positive than after 
performing a labor task. Following this formulation, we expected fatigue to 
increase during labor and to decrease during leisure. We chose to test this 
additional prediction to ensure that our choice task worked as intended, with 
participants getting increasingly more fatigued during labor and recovering 
during leisure. This is an important feature of the task for the predictions we 
tested in Studies 2 and 3.

We developed a choice task similar to previous work on labor/leisure tradeoffs 
(Algermissen et al., 2019; Kool & Botvinick, 2014). Participants first rated their 
current level of fatigue; then, they chose to do either a paid labor task (in this 
case, a 2-back task) or an unpaid leisure task (in this case, interacting with their 
smartphone); then, they carried out the task of their choice for two minutes. 
This sequence of events was repeated 40 times, such that the total duration 
of task performance (80 minutes) was sufficiently long to reasonably expect 
fatigue to increase over time.

METHOD

Preregistration and data availability

We preregistered design, hypotheses, sample size, and statistical analyses. Our 
preregistration, experimental materials, data, power simulation and analysis 
scripts are available on the Open Science Framework project of this article 
(https://osf.io/t4afr/).
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Sample size rationale

A set of power simulations (N = 1000) based on data from a small pilot study 
revealed that we would achieve power = .90 with N = 22 participants for the 
effect of labor/leisure choice on change in fatigue1. Due to the limitations of 
powering to the effect found in a small sample, we decided to collect data from 
40 participants to be on the safe side.

Participants, procedure, and design

40 university students (Mage = 22.38; 32 females) participated in exchange 
for either 10€ or partial course credit and an extra cash payment of up to 
6€, depending on how often they chose for the 2-back task. Participants had 
to be between 18 and 30 years of age and own a smartphone. Upon arrival 
in the lab, the experimenter made sure that the participants brought their 
smartphone, that it was sufficiently charged, and put to silent mode. The 
participants were then seated in a dimly-lit cubicle, putting their smartphone 
face-down on a marked position on the table. After informed consent was 
obtained, participants reported demographics (age and gender), received 
instructions, and practiced the 2-back task for two blocks (first at 50% speed, 
then at 100% speed). Participants next completed 40 blocks of the choice task, 
which is described below. These 40 blocks took approximately 85 minutes to 
complete. After they were done, participants were debriefed and received 
their compensation. The study was approved by the local ethics review board. 
We employed a correlational within-subjects design with repeated measures 
of fatigue and choice.

Choice task

The task was created using PsychoPy (Peirce, 2007). Within one block, 
participants first rated their current level of fatigue on a 100-point Visual 
Analogue Scale (ranging from ‘not at all’ to ‘extremely’). Next, participants 
chose whether they would like to work on the 2-back task (described in further 
detail below), for which they would earn an additional 0.15€, or whether they 
would rather like to engage in an unpaid interaction with their smartphone. 
Participants were instructed that the extra cash payment would only be paid out 

1 We discovered a small mistake in our power script after the data was collected. Fixing this mis-
take revealed that we would have reached power = .90 with N = 19 under the same assumptions.

CompleteDissertation_DoraJonas_productie.indd   47CompleteDissertation_DoraJonas_productie.indd   47 14-08-2020   16:0814-08-2020   16:08



48

Chapter 3

if accuracy on the 2-back task remained above 80%. We chose this threshold in 
order to ensure that participants continuously worked hard on the 2-back task 
throughout the session. We instructed the participants to interact with their 
smartphone and not do anything else when they chose for the leisure task. 
Participants then engaged with either the labor task or leisure task (depending 
on their choice) for 2 minutes, after which the next block would start.

2-back task. We used a visual letter variant of the 2-back task, which is a 
cognitively demanding task that has been used previously to induce fatigue 
(e.g, Hopstaken et al., 2016; Massar, Wester, Volkerts, & Kenemans, 2010). 
Participants had to decide whether a letter presented on the screen was a 
target or a non-target, and in case of a target, press a corresponding button 
on the keyboard. Targets were trials where the letter presented was the same 
as the letter presented before the previous one. The stimuli were presented for 
500ms in the center of the screen, followed by an intertrial interval of 1500ms. 
The target rate was 25%.

Data analysis

We conducted all of our analyses in R (version 3.6.0; R Core Team, 2019). In 
line with our preregistration, we tested our hypotheses using a (generalized) 
linear mixed-effects modeling approach using the (g)lmer function (lme4 
package; version 1.1.21; Bates, Martin, Bolker, & Walker, 2015). In all analyses, 
the block was the unit of analysis. Continuous predictors were standardized 
on a sample level, because this was most favorable for model convergence. 
We aimed for ‘maximal’ random effects structures in our two models as 
advocated by Barr, Levy, Scheepers, and Tily ( 2013) to avoid inflated Type-1 
errors. Accordingly, our two models predicting labor/leisure choice and 
change in fatigue both included a per-participant random intercept to 
account for the repeated-measures nature of the data. We modeled the 
within-subjects predictor fatigue as fixed effect and as random slope varying 
across participants in the model predicting labor/leisure choice. We modeled 
the within-subjects predictor labor/leisure choice as fixed effect and as 
random slope varying across participants in the model predicting change 
in fatigue. Change in fatigue was computed by subtracting the fatigue 
score of the previous block from the fatigue score of the current block. To 
determine p-values, we computed Type III bootstrapped Likelihood Ratio 
tests (two-tailed; α = .05) using the mixed function (afex package; version 
0.23.0; Singmann, Bolker, & Westfall, 2015).
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RESULTS

Preregistered analyses

Across all blocks from all participants, mean fatigue was 60 points (SD = 22). 
Participants chose for the 2-back task on 78% of the blocks. The main effect 
of fatigue on labor/leisure choice was significant, estimate = -1.12, SE = 0.17, 
95% CI [-1.44, - 0.79], ORleisure = 3.06, p < .001. In line with our hypothesis, with 
an increase of one standard deviation in fatigue, participants were more than 
three times as likely to choose for the leisure task compared to the labor task. 
The effect of labor/leisure choice on change in fatigue was also significant, 
estimate = -6.63, SE = 1.02, 95% CI [-8.61, -4.57], p < .001. In line with our 
hypothesis, participants were more fatigued after choosing and executing the 
labor task (compared to before the labor task; M = 3.82) and less fatigued after 
choosing and executing the leisure task (compared to before the leisure task; 
M = -9.29). Thus, on average, during one two-minute leisure block participants’ 
decreased experience of fatigue roughly equated the increase in fatigue during 
two two-minute labor blocks.

Secondary analysis

Due to our correlational design, at this point we could not be sure that 
participants used their perception of fatigue to guide their labor/leisure choice. 
An alternative explanation is that participants inferred their level of fatigue from 
the choice they just made (‘I just chose labor, so I am probably not that tired.’; 
for a similar effect, see Khan & Dhar, 2006). In order to tentatively rule out this 
explanation, we tested whether fatigue mediates the relationship between time 
on task (operationalized as block number) and labor/leisure choice. Due to 
the temporal order of the sequence of events in study, finding this mediation 
would be more consistent with our proposed explanation. That is, if participants 
got more fatigued over time and in turn more likely to choose for leisure over 
labor, this speaks more to participants using their experience of fatigue for the 
decision what to do next than vice versa.

We tested this idea with the mediate() command (mediation package; version 4.4.7; 
Tingley, Yamamoto, Hirose, Keele, & Imai, 2014), which decomposes the total effect 
of time on task on labor/leisure choice into a direct effect and an indirect effect 
through fatigue. This analysis indicated that the indirect effect of time on task 
on labor/leisure choice through fatigue was significant, estimate = -0.13, 95% CI 
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[-0.20, -0.08], p < .001. This means that over time, participants got more fatigued, 
and in turn more likely to choose for leisure over labor. The direct effect of time 
on task on choice was significant and positive, estimate = 0.11, 95% CI [0.06, 0.16], 
p < .001, while the total effect was not significant, estimate = -0.03, 95% CI [-0.11, 
0.04}, p = .4. Thus, this result is more in line with participants using their feeling of 
fatigue in order to make a labor/leisure choice than with them inferring their fatigue 
level from their previously made choice.

DISCUSSION

Study 1 supported our prediction that fatigue is associated with a greater 
likelihood to choose leisure over labor. Also, Study 1 showed that people get 
more fatigued during labor and less fatigued during leisure. These results are 
in line with the basic tenets of the opportunity cost model, but they are also 
in line with a range of other theoretical accounts of mental fatigue (Boksem & 
Tops, 2008; Hockey, 2011; Muraven et al., 1998). Thus, in Study 2, we wanted to 
test the central and unique assumption of the opportunity cost model, namely 
that the experience of fatigue does not only depend on the current task but 
also on the utility of the alternative in one’s immediate environment. To do 
so, we attempted to manipulate the opportunity costs of the labor task by 
manipulating the utility of the leisure task (high-value leisure activity vs low-
value leisure activity).

A brief note on terminology: While the utility is thought to be a characteristic 
of the task (Kurzban et al., 2013), the subjective value is thought to be a 
representation of this utility in the participant’s mind (Berkman, Hutcherson, 
Livingston, Kahn, & Inzlicht, 2017). Hence, going forward we will refer to the 
participants’ perception of a task’s utility as value.
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STUDY 2

We examined the opportunity cost model by testing three specific predictions.2 
First, we predicted that while people perform mental labor, the increase in 
fatigue is stronger if the opportunity costs of the labor task (i.e., the value of 
mental leisure) are higher. Evidence for this prediction would suggest that the 
feeling of fatigue stems from a cost-benefit analysis. Second, we predicted that 
increases in fatigue (due to opportunity costs) are associated with a greater 
likelihood of choosing for mental leisure over mental labor. Evidence for this 
prediction would suggest that fatigue functions as a signal to switch activities. 
Third, we predicted that while performing mental leisure, the decrease in 
fatigue is stronger if the opportunity costs of the labor task (i.e., the value of 
mental leisure) are higher. Evidence for this prediction would again suggest 
that the feeling of fatigue stems from a cost-benefit analysis.

In Study 2, we added a between-participant manipulation of the opportunity 
costs of the labor task to the setup of Study 1. More specifically, we manipulated 
the utility of the leisure task. Given that the leisure task was the only viable 
alternative that people have in our paradigm, the value of this leisure task 
should impact the opportunity costs of the labor task. We operationalized the 
high-value leisure task again as the smartphone interaction. For the low-value 
leisure task, we offered the participants to read in a magazine we assumed to 
be of low value to our sample of university students (‘How to retire in style’, 
2018 edition). We chose this magazine for two main reasons. First, reading a 
magazine is another leisure task high in ecological validity. Second, we assumed 
that reading in a magazine requires similar information processing (i.e., mainly 
processing of text and pictures) to the use of one’s smartphone.

2 The wording of the hypotheses in the preregistration differed slightly. Because this was our 
first time adding a between-participant manipulation, we preregistered some additional hy-
potheses for our own understanding unrelated to the opportunity cost model. Additionally, 
we preregistered two tests of the first prediction and adjusted our α level accordingly. Since 
then, we lost confidence in one of these tests (see preregistration Study 3). For clarity reasons, 
here we report the analyses that we also preregistered for Study 3 and moved the additional 
analyses to the Open Science Framework project page. None of the results omitted from the 
manuscript change our conclusions in any way.
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METHOD

Preregistration and data availability

We preregistered design, hypotheses, sample size, and statistical analyses. Our 
preregistration, experimental materials, data, power simulation and analysis 
scripts are available on the Open Science Framework project of this article 
(https://osf.io/t4afr/).

Sample size rationale

We ran a set of power simulations (N = 1000) using the simr package (version 
1.0.3; Green & MacLeod, 2016) in R. As input to the simulations we used 
the data from Study 1. As there was no between-participant treatment in 
Study 1, we a priori assumed that a raw estimate of -0.2 would represent 
a meaningful effect for the test of the opportunity cost manipulation on 
the increase in fatigue. According to these simulations, we would achieve 
power = .90 with N = 130.

Participants, procedure, and design

130 university students (65 per treatment; Mage = 22.03; 96 females) participated 
in exchange for the same compensation as in Study 1, and were assigned to 
either the high-value (smartphone) or low-value (magazine) treatment as they 
entered the lab in an alternating fashion. Participants again had to be between 
18 and 30 years of age and own a smartphone. The procedure in the high-
value treatment was identical to that in Study 1. In the low-value treatment, 
the magazine took the place of the smartphone on the table. After the 
experimental blocks were completed, participants additionally reported how 
much they enjoyed the leisure task during the experiment. This was done as a 
manipulation check to measure how much participants valued the leisure task 
in both treatments. The study was approved by the local ethics review board. 
We employed a between-subjects design (high-value vs low-value leisure task) 
with repeated measures of fatigue and choice.

Choice task

The choice task was identical to the one employed in Study 1. The only 
difference was that participants in the low-value treatment were asked to choose 
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between paid execution of the 2-back task (labor) or an unpaid interaction with 
the provided retirement magazine (leisure).

Data analysis

We used similar analyses to the ones reported in Study 1. Again, continuous 
predictors were standardized on the sample level. In order to achieve 
maximal models, all models included a per-participant random intercept to 
account for the repeated-measures nature of the data. Wherever possible, 
fixed effects were additionally modeled as random slopes varying across 
participants (i.e., those predictors that were nested in participants; e.g. 
fatigue and labor/leisure choice, but not treatment). In order to test whether 
the increase in fatigue while performing labor was stronger when opportunity 
costs where higher, we tested the effect of treatment (high-value vs low-
value) on change in fatigue in those blocks where participants chose the 
labor task. In order to test whether this increase in fatigue translated into 
a higher likelihood to choose the leisure task, we tested the mediation 
reported in Study 1 (time on task → fatigue → labor/leisure choice) in both 
treatments separately. Since the moderated mediation implemented in the 
mediation package does not calculate an exact p-value, we preregistered 
to reject the null hypothesis if the 95% CIs of the indirect effect in both 
treatments do not overlap. To test whether the decrease in fatigue while 
performing leisure was stronger when the opportunity costs were higher, we 
tested the effect of treatment on change in fatigue in those blocks where 
participants chose for the leisure task.

RESULTS

Preregistered analyses

Across all blocks from all participants, mean fatigue was 62 points (SD = 23). 
Participants chose for the 2-back task on 74% of the blocks. Participants in 
the high-value treatment rated the leisure task as more enjoyable (M = 61.38, 
SD = 26.11) than participants in the low-value treatment (M = 47.03, SD = 27.94), 
d = 0.53 (see Figure 3.1).

We proceeded by testing our main predictions. First, the effect of treatment on 
change in fatigue was not significant in those blocks where participants chose 
for labor, estimate = -0.26, SE = 0.31, 95% CI [-0.91, 0.36], p = .40. Hence, we 
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did not find evidence that participants became more fatigued in the high-value 
treatment while working on the cognitively demanding labor task. The data 
associated with this analysis are visualized in Figure 3.2.

Figure 3.1. Raincloud plot of reported enjoyment of leisure activity after experiment in both 

treatments. Error bars reflect between-participant 95% confidence intervals.

Second, the indirect effect of time on task on labor/leisure choice through 
fatigue was significant in both treatments. However, this effect did not differ 
significantly between the two treatments. The 95% CIs for the indirect effect 
in both treatments overlapped, estimatelow-value = -0.16, 95% CI [-0.21, -0.11]; 
estimatehigh-value = -0.12, 95% CI [-0.17, -0.09] (see Figure 3.3). This result is 
unsurprising given that the previous model revealed that participants did not 
get more fatigued in the high-value treatment (and hence this non-existent  
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Figure 3.2. Raincloud plot of change in fatigue after performing the labor task in both 

treatments. Error bars represent within-participant 95% confidence intervals.

increase in fatigue was unlikely to lead to an increased probability to choose  
for the leisure task). The direct effect of time on task on labor/leisure choice  
was positive in both treatments, estimatelow-value = 0.07, 95% CI [0.03, 0.10]; 
estimatehigh-value = 0.06, 95% CI [0.03, 0.09], while the total effect was negative 
in both treatments, estimatelow-value = -0.09, 95% CI [-0.14, -0.05]; estimatehigh-

value = -0.07, 95% CI [-0.12, -0.03].

Third, the effect of treatment on change in fatigue was significant in the leisure 
blocks, estimate = 2.49, SE = 1.11, 95% CI [0.37, 4.52], p = .03. The change in 
fatigue was more negative in the high-value treatment (M = -10.03) than in the 
low-value treatment (M = -7.03) after the leisure blocks. The data associated 
with this analysis is visualized in Figure 3.4.

CompleteDissertation_DoraJonas_productie.indd   55CompleteDissertation_DoraJonas_productie.indd   55 14-08-2020   16:0814-08-2020   16:08



56

Chapter 3

Figure 3.3. Indirect effect of time on task on labor/leisure choice through fatigue in both 

treatments. Error bars reflect between-participant 95% confidence intervals.

Exploratory analysis

The manipulation of the opportunity costs revealed that participants in 
the high-value treatment did not unanimously enjoy the smartphone 
interaction while participants in the low-value treatment did not 
unanimously dislike reading in the retirement magazine. In the low-value 
treatment, 27 out of 65 participants reported the magazine interaction 
to be more enjoyable than the average in the high-value treatment, 
while 17 out of 65 participants in the high-value treatment reported the 
smartphone interaction to be less enjoyable than the average in the low-
value treatment. Given that the difference in reported enjoyment of the 
leisure task between both treatments was small, we were curious to test 
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Figure 3.4. Raincloud plot of change in fatigue after performing the leisure task in both 

treatments. Error bars represent within-participant 95% confidence intervals.

the effect of said self-reported enjoyment on change in fatigue. Under 
the assumption that this self-reported enjoyment captures the value of 
the leisure task, this exploratory analysis would strengthen our confidence in 
the null findings if enjoyment shows no effect. However, if the effect shows 
when we replace the treatment with the reported enjoyment, this could imply 
that our manipulation of the opportunity costs was simply not strong enough 
(as some participants in the low-value treatment actually did value the leisure 
task highly and vice versa). This analysis revealed that as enjoyment increased 
by one standard deviation, change in fatigue increased by 0.95 points in the 
labor blocks and decreased by 2.76 points in the leisure blocks. A visualization 
of this effect can be found in Figure 3.5. Thus, the results from this exploratory 
analysis appear to be in line with the opportunity cost model.
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Figure 3.5. The effect of self-reported enjoyment of the leisure task on change in fatigue 

after performing labor and leisure.

DISCUSSION

Overall, we did not find evidence for the predictions made by the opportunity 
cost model in our confirmatory analyses. However, we were surprised by 
participants’ self-reported enjoyment of the leisure task. The manipulation 
check revealed that our manipulation did not create two separate treatments, 
one in which the opportunity costs were high, and one in which the opportunity 
costs were low. Intriguingly, our exploratory analysis suggests that participants 
who valued the leisure task higher – irrespective of treatment – did get more 
fatigued while performing labor and less fatigued while performing leisure. In 
order to resolve the contradiction between the preregistered and exploratory 
analyses, we attempted to strengthen the manipulation of opportunity costs 
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in the next study. Because there seemed to be a lot of variation between 
participants with regard to how they valued both leisure tasks we used in Study 
2, we decided to tailor the leisure task to each participant in Study 3.

STUDY 3

We set out to test the same three predictions as in Study 2. In order to create 
a stronger manipulation of the opportunity costs, we measured the value 
of different leisure tasks before the experiment. We then tried to use this 
knowledge to offer participants a leisure task they value highly in the high-value 
treatment (lowly in the low-value treatment). As before, we operationalized 
labor as a 2-back task. In the high-value leisure treatment, we operationalized 
leisure as the leisure task that participants wanted to engage with the most out 
of a set of six leisure tasks prior to the experiment. Accordingly, in the low-value 
leisure treatment we operationalized leisure as the leisure task that participant 
wanted to engage with the least prior to the experiment.

METHOD

Preregistration and data availability

We preregistered design, hypotheses, sample size, and statistical analyses. Our 
preregistration, experimental materials, data, power simulation and analysis 
scripts are available on the Open Science Framework (https://osf.io/t4afr/).

Sample size rationale

We again ran a set of power simulations (N = 1000) using the simr package 
(Green & MacLeod, 2016). As input to the simulations we used the data from 
Study 2. To simulate a stronger manipulation of opportunity costs, we excluded 
all participants in the low-value treatment that reported the enjoyment of the 
leisure task to be 30 or higher, and all participants in the high-value treatment 
that rated the enjoyment of the leisure task to be 70 or lower. We then simulated 
power based on this subsample for the effect of treatment on change in fatigue 
in the labor blocks. According to this simulation, we would have achieved 
power = .90 with N = 90. Because we wanted to make sure to have sufficient 
power even if the manipulation would be slightly weaker, we decided to once 
again sample 130 participants, 65 per treatment.
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Participants, procedure, and design

130 university students (65 per treatment; Mage = 22.42; 91 females) participated 
in exchange for the same compensation as in Studies 1 and 2, and were assigned 
to either the high-value or low-value treatment as they entered the lab in an 
alternating fashion. Participants again had to be between 18 and 30 years of age 
and own a smartphone. The procedure in both treatments was largely identical 
to that in Study 2. At the start of the experiment, all participants rated a set of 
six leisure tasks (described below) on how much they would like to engage with 
them. The program then assigned participants in the high-value treatment the 
leisure task they rated highest, and participants in the low-value treatment the 
leisure task they rated lowest (in case of a tie, a random task from the tied list 
was assigned). The assigned leisure task then took the place of the smartphone/
magazine (Study 2) on the table. At the end of the experiment, participants 
once again reported how much they enjoyed the leisure task during the choice 
task. The study was approved by the local ethics review board. We employed 
a between-subjects design (high-value vs low-value leisure task) with repeated 
measures of fatigue and choice.

Choice task

The choice task was identical to the one employed in Study 1 and Study 2. The 
only difference was that the assigned leisure task depended on the participant’s 
pre-experiment ratings in both treatments3. Before we carried out Study 2, we 
asked an independent sample of attendees of an undergraduate lecture (N = 166) 
to provide enjoyment ratings of a set of 13 leisure activities4. We included leisure 
activities that are (at least somewhat) common and that require (at least some) 
information processing (e.g., interacting with one’s own smartphone, writing a 
diary entry, solving a crossword puzzle). Based on this pilot study, we selected 
a combination of six leisure tasks that maximized the probability that each 
participant rated at least one task low in terms of enjoyment (≤ 20) and one task 
high in terms of enjoyment (≥ 80). The resulting six leisure activities offered to 
the participant were (1) interacting with one’s own smartphone, (2) coloring in 
mandalas, (3) solving a jigsaw puzzle, (4) writing a story about one’s best friend, 
(5) solving a Rubik’s cube, and (6) reading a car magazine.

3 For an overview over assigned activities in both treatments, consult the OSF project page 
related to this paper.

4 These data are available on the OSF project page related to this paper.
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Data analysis

We used the same analyses as in Study 2.

RESULTS

Preregistered analyses

Across all blocks from all participants, mean fatigue was 56 points (SD = 25). 
Participants chose for the 2-back task on 61% of the blocks. Prior to the 
experiment, participants in the high-value treatment reported to feel more 
like engaging in the assigned leisure task (M = 82.86, SD = 14.78) than 
participants in the low-value treatment (M = 11.00, SD = 11.51), d = 5.42 (see 
Figure 3.6a). After the experiment, participants in the high-value treatment 
rated the leisure task as more enjoyable (M = 76.25, SD = 14.91) than 
participants in the low-value treatment (M = 40.86, SD = 27.87), d = 1.59 
(see Figure 3.6b).

Figure 3.6a & 3.6b. Raincloud plots of ratings of the extent to which participants wanted 

to engage with the assigned leisure task on the left and ratings of enjoyment of the leisure 

task after the experiment on the right. Error bars reflect between-participant 95% confi-

dence intervals.
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Figure 3.7. Raincloud plot of change in fatigue after performing the labor task in both 

treatments. Error bars represent within-participant 95% confidence intervals.

We proceeded by testing our main predictions. First, the effect of treatment 
on change in fatigue during mental labor was not significant, estimate = -0.36, 
SE = 0.48, 95% CI [-1.29, 0.54], p = .45. Hence, we once again did not find 
evidence that participants became more fatigued in the high-value treatment 
while working on the cognitively demanding labor task. The data associated 
with this analysis are visualized in Figure 3.7.

Second, in line with the results from Study 1 and Study 2, the indirect effect of 
time on task on labor/leisure choice through fatigue was significant. However, 
this effect once again did not differ significantly between the two treatments. 
The 95% CIs for the mediation in both treatments overlapped, estimatelow-

value = -0.17, 95% CI [-0.21, -0.13]; estimatehigh-value = -0.13, 95% CI [-0.16, -0.09] (see 
Figure 3.8). This result is unsurprising given that the previous model revealed 
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Figure 3.8. Indirect effect of time on task on labor/leisure choice through fatigue in both 

treatments. Error bars reflect between-participant 95% confidence intervals.

that participants did not get more fatigued in the high-value treatment (and 
hence this non-existent increase in fatigue was unlikely to lead to an increased 
probability to choose for the leisure task). The direct effect of time on task on 
labor/leisure choice was positive in both treatments, estimatelow-value = 0.05, 95% 
CI [0.01, 0.09]; estimatehigh-value = 0.05, 95% CI [0.01, 0,09], while the total effect 
was negative in both treatments, estimatelow-value = -0.12, 95% CI [-0.18, -0.06]; 
estimatehigh-value = -0.08, 95% CI [-0.12, -0.03].

Third, the effect of treatment on change in fatigue during mental leisure was 
not significant, estimate = 0.98, SE = 0.62, 95% CI [-0.28, 2.13], p = .115. We thus 
did not replicate the finding from Study 2 that participants in the high-value 

5 The effect becomes barely significant when the participant with the largest Cook’s distance 
value is excluded.
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Figure 3.9. Raincloud plot of change in fatigue after performing the leisure task in both 

treatments. Error bars represent within-participant 95% confidence intervals.

treatment show a stronger decrease in fatigue while engaging with the leisure 
task. The data associated with this analysis are visualized in Figure 3.9.

Exploratory analysis

The difference in reported enjoyment of the leisure task between both 
treatment was three times as large as in Study 2. However, the difference was 
much smaller after the experiment than before the experiment. This suggests 
that a substantial subset of people value leisure over labor, no matter how 
mundane a leisure task is projected to be in advance. As a result, similar to 
Study 2, participants in our two treatments ended up partially overlapping in the 
extent to which they valued the available leisure task. For this reason, we once 
again tested the effect of self-reported enjoyment of the leisure task on change 
in fatigue. This analysis revealed that as enjoyment increased by one standard 
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Figure 3.10. The effect of self-reported enjoyment of the leisure task on change in fatigue 

after performing labor and leisure.

deviation, change in fatigue increased by 1.41 points in the labor blocks and 
decreased by 2.14 points in the leisure blocks. A visualization of this effect can 
be found in Figure 3.10. Thus, the results from this exploratory analysis again 
appear to be in line with the opportunity cost model.

To gain further confidence in this exploratory analysis, we repeated the 
preregistered analyses in a subsample in which we excluded participants from 
the low-value treatment that reported an enjoyment value of 50 points or more. 
The results of this analysis are in line with the previously reported exploratory 
analysis. Excluding participants in the low-value treatment that did value the 
leisure task highly, participants in the high-value treatment got more fatigued 
during mental labor (Mhigh-value = 6.03 vs Mlow-value = 4.00) and less fatigued during 
mental leisure (Mhigh-value = -7.05 vs Mlow-value = -3.74).
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DISCUSSION

In Study 3, we found that the value participants assign to a certain leisure 
activity (and thus, also the activity’s utility) dynamically changes over time, at 
least if it is paired with a labor task. While basing the leisure task offered to 
participants on information gathered by the participants themselves did result 
in a stronger manipulation compared to Study 2, there were still numerous 
participants who assigned high value to the leisure task in the low-value 
treatment. This indicates that a subset of people value leisure over labor even 
if they assign very low value to the specific leisure task initially. The exploratory 
analysis again indicated that participants who reported higher enjoyment of 
the leisure task got more fatigued during labor and less fatigued during leisure. 
These results will be further discussed in the general discussion below.

GENERAL DISCUSSION

In the current set of studies, we aimed to understand the nature of mental 
fatigue by testing three predictions that were derived from the opportunity 
cost model of fatigue (Kurzban et al., 2013). In Study 1, as predicted, we found 
that fatigue predicts subsequent choices between labor and leisure. That is, the 
more fatigued people became, the more likely they were to disengage from 
labor, and to switch to leisure (Boksem & Tops, 2008; Hockey, 2011; Inzlicht et al., 
2014; Kurzban et al., 2013; van der Linden, 2011). This finding extends previous 
work that showed that people tend to gradually disengage from cognitively 
demanding tasks when they are fatigued (Hopstaken et al., 2015a, 2015b).

In Studies 2 and 3, in a preregistered set of analyses, we found no evidence 
for the unique prediction of the opportunity cost model that the opportunity 
costs influence the amount of fatigue experienced, nor that they influence 
labor/leisure choices through fatigue. These null findings may have been due 
to the fact that the value, and hence the utility, associated with different leisure 
tasks (relative to the same labor task) differed strongly between people and 
that this value changed over time. To further examine whether opportunity 
costs impact the experience of fatigue, an exploratory analysis—in which we 
operationalized the opportunity costs as the self-reported enjoyment of the 
leisure task—supported the idea that people become more fatigued during 
labor when they value the leisure alternative more in both studies. We will now 
discuss these findings in greater detail.
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Several modern theories of fatigue converge on the idea that the experience 
of fatigue functions as a signal to switch activities (Boksem & Tops, 2008; 
Hockey, 2011; Inzlicht et al., 2014; Kurzban et al., 2013; van der Linden, 2011). 
We found strong evidence for this notion in all studies. Our findings indicate 
that fatigued people are much more likely to switch to alternative, relieving 
leisure tasks, if given the opportunity. In our studies, participants were willing 
to forego a monetary incentive to carry out a leisure task. So, our results are 
consistent with the idea that fatigue plays an adaptive role in goal selection 
and goal pursuit.

Regarding the causal role of opportunity costs on the feeling of fatigue, our 
findings are less straightforward. In our preregistered analyses, we found no 
evidence for the idea that people get more fatigued when the opportunity costs 
are higher. In Studies 2 and 3, we tried to manipulate opportunity costs (of a 
labor task) by giving people an alternative task, of which we varied the value. 
Yet, not all participants experienced our low-value leisure tasks to be actually 
of low value; similarly, not all participants perceived our high-value leisure tasks 
to be of high value. At the same time, the experienced value of the leisure tasks 
clearly changed throughout the 80-minute session: for many people, the low-
value leisure tasks often turned out to be nicer than expected. Based on this 
intriguing finding, we argue that our results do not provide strong evidence 
against the opportunity cost model. We thus proceeded to examine the data 
in greater detail, from which we learned two important things:

First, utilities associated with labor and leisure tasks are idiosyncratic (they vary 
between people) and fleeting (they change over time). Not all participants 
enjoyed using their smartphone, while some participants enjoyed reading in a 
retirement magazine (Study 2). Additionally, a substantial subset of participants 
ended up valuing a leisure task while comparing it to a labor task when they 
did not expect to value it (Study 3). These findings have at least two important 
implications. First, for research that offers participants two behavioral options 
that are assumed to differ in value (e.g., Algermissen et al., 2019; Apps, Grima, 
Manohar, & Husain, 2015; Kool & Botvinick, 2014; Westbrook, Kester, & Braver, 
2013), the volatility of this relative value needs to be carefully studied and 
taken into account. It should be ensured that the difference in value between 
the two options (a) is roughly constant between participants and (b) does not 
markedly change with time on task. Second, regardless of whether opportunity 
costs affect the feeling of fatigue, this finding reinforces one of the basic 
assumptions of the opportunity cost model (Kurzban et al., 2013), namely that 
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utilities are relative. People differ in what they value; and, how much people 
value behavioral options depends on alternatives in the environment, and on 
what they just did before.

Second, when taking into account the characteristics of utility described 
above, an exploratory analysis supported the idea that opportunity costs are 
related to mental fatigue. In Study 2, we found that participants who valued 
the leisure alternative to a labor task higher (regardless of treatment), became 
more fatigued while performing the labor task. We replicated this result in 
Study 3. Our exploratory analyses further suggests that participants who valued 
the leisure task more, became less fatigued while performing the leisure task. 
Thus, our results also shed light on how recovery from accumulated fatigue 
might work, in that they suggest that recovery is, at least in part, a motivational 
process. This suggestion fits well with a recent proposal by Inzlicht et al. (2014), 
who argued that people have an intrinsic need to balance mental labor and 
mental leisure. According to this proposal, people can regain motivation to 
carry out mental labor by avoiding another cognitive task after having invested 
mental effort. In terms of the opportunity cost model, this would mean that, 
during mental leisure, the utility of labor should steadily increase—which should 
then allow to again perform labor while feeling less fatigued. Taken together, 
the pattern of findings from Studies 2 and 3 supports, rather than contradicts, 
the opportunity costs models’ assumption that fatigue stems from a cost-
benefit analysis. However, to gain confidence in this conclusion, we would like 
to see a similar result in a preregistered analysis involving an experimental 
manipulation of the opportunity costs.

Practical implications

Taken at face value, the results of our exploratory analysis have several 
important implications for everyday life. For example, the possibility that 
people’s smartphone is (partially) responsible for low academic achievement 
and work performance has received a lot of attention in the public media. So 
far, this smartphone–cognition literature primarily focused on the long-term 
effects of smartphone use on attention and memory (for a review, see Wilmer, 
Sherman, & Chein, 2017). However, our findings suggest that the smartphone 
influences people’s productivity without having a lasting effect on the mind 
(contrary to what has been hypothesized previously; e.g., Clayton, Leshner, & 
Almond, 2015; Ward, Duke, Gneezy, & Bos, 2017), by simply being a highly-
valued alternative in the environment. Our results further suggest that the 
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smartphone is not unique in its potential to increase the opportunity costs. 
Rather, different activities carry different utilities at different times. This seems 
to depend on the individual, characteristics of the current task and alternatives, 
and the balance of labor and leisure in the short-term past. In general, our 
exploratory analyses suggest that exposure to valued alternative leisure tasks 
increases opportunity costs, and hence the amount of fatigue experienced, 
during labor. To minimize fatigue, it should help people to eliminate valued 
alternatives from their environment.

Limitations

Besides that the manipulation of opportunity cost did not work exactly as 
planned (as discussed above), there are several limitations that should be 
highlighted. First, the leisure tasks we offered to participants in Studies 2 and 
3 did not differ exclusively in the value participants assigned to them – it is 
reasonable to assume that they differed on other dimensions such as information 
processing, affective reactions, and familiarity. Furthermore, participants might 
have engaged with these leisure tasks in different ways (e.g., one participant 
might have watched videos on his smartphone, while another participant might 
have texted with a friend). These limitations are unavoidable when one wants 
to offer participants real-world leisure tasks and might have contributed to the 
substantial inter-individual variance in value associated with the offered leisure 
tasks. Ultimately, we do not believe these limitations to be highly problematic 
for three reasons. First, the opportunity cost model predicts that it is the 
value of the alternative that should have an influence on phenomenology, 
not other task characteristics. Second, in Study 3, across the whole sample, 
people became about equally fatigued regardless of what specific leisure task 
they were assigned to. Third, our ultimate goal was to understand when and 
why people experience fatigue in the real world. In order to achieve this goal, 
we believe that the present design, which combined a controlled laboratory 
environment with real-world leisure options, was appropriate.

With regard to understanding how opportunity costs and fatigue relate to 
the choice between labor and leisure, a limitation of our study design was 
that participants could not choose freely when to switch tasks. The fact that 
participants had to decide which task to engage with at fixed time points (i.e., 
every two minutes) made this choice a bit artificial. We designed the study like 
this to consistently pair fatigue self-reports with choices. Alternatively, one 
could probe fatigue at fixed time intervals (say, every two minutes) but give 
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the participant free control over when to switch tasks. We chose against using 
this alternative design, as it would hamper our ability to make inferences (e.g., 
different amounts of time would have passed between the report of fatigue and 
the choice to switch; probes would sometimes interrupt labor and sometimes 
interrupt leisure, potentially affecting the self-report measurement).

Conclusion

In conclusion, the present research advances the scientific literature on mental 
fatigue in several ways. We found strong evidence for the idea that mental 
fatigue functions as a signal to switch activities. We also found that the utility 
associated with labor and leisure tasks differs between people and changes 
over time. Against the background that the energy metaphor (i.e., the idea that 
the feeling of fatigue indicates that some metaphorical mental battery is almost 
depleted) is increasingly being questioned (e.g., Hagger et al., 2016; Kurzban, 
2016; Shenhav et al., 2017), our studies cautiously support modern views of 
fatigue that propose that fatigue and related phenomenology (e.g., effort, 
Bijleveld, 2018; boredom, Westgate & Wilson, 2018) reflect the non-energetic 
costs of engaging with the current activity (Hockey, 2011; Johnston et al., 2018; 
Kurzban, 2016; Shenhav et al., 2017). In future research, it may well be useful to 
continue to think of fatigue as a motivational phenomenon.

Context

This research was motivated by a lack of empirical evidence for modern 
theoretical accounts of mental fatigue. Fatigue causes people to disengage 
from productive tasks, and so a better understanding of fatigue may eventually 
help people to perform productive but effortful tasks for longer without 
feeling fatigue and other related aversive experiences (e.g., effort, boredom). 
We believe that investigating the role of motivation related to the experience 
of fatigue may help us to eventually understand why people sometimes get 
fatigued very quickly and other times do not.
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ABSTRACT

Nowadays, many people take short breaks with their smartphone at work. The 
decision whether to continue working or to take a smartphone break is a so-
called labor vs leisure decision. Motivational models predict that people are 
more likely to switch from labor (work) to leisure (smartphone) the more fatigue 
or boredom they experience. In turn, fatigue and boredom are expected to 
decrease after the smartphone was used. However, it is not yet clear how 
smartphone use at work relates to fatigue and boredom. In this study, we 
tested these relationships in both directions. Participants (N = 83) reported their 
current level of fatigue and boredom every hour at work while an application 
continuously logged their smartphone use. Results indicate that participants 
were more likely to interact with their smartphone the more fatigued or bored 
they were, but that they did not use it for longer when more fatigued or bored. 
Surprisingly, participants reported increased fatigue and boredom after having 
used the smartphone (more). While future research is necessary, our results a) 
provide real-life evidence for the notion that fatigue and boredom trigger task 
disengagement and b) suggest that taking a short break with the smartphone 
may have phenomenological costs.
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FATIGUE, BOREDOM, AND OBJECTIVELY-MEASURED 
SMARTPHONE USE AT WORK

Nowadays, most people own a smartphone (Pew Research Center, 2019) and 
have it within reach throughout the day. Just two decades ago, people were 
mostly disconnected from their private life while at work; today, people can 
use their smartphone for private matters during working hours (Dora, van 
Hooff, Geurts, Hooftman, & Kompier, 2019). Indeed, even when they are at 
work, smartphones enable people to be constantly connected to friends and 
family through social media and instant messaging applications (Choi, 2016). 
Against the background of this societal development, here we study the relation 
between aversive subjective experiences that are indicative of low motivation—
i.e., fatigue and boredom—and smartphone behavior at work. We study this 
relation in both directions. We test whether fatigue and boredom predict 
greater subsequent smartphone use at work; also, we test whether fatigue 
and boredom decrease when people have just used their smartphone.

Both for science and for practice, it is potentially important to examine the 
relationship between (a) fatigue and boredom and (b) smartphone use. For 
science, this study provides a real-life test of motivational theories of fatigue and 
boredom, which so far have been mostly studied in the laboratory. For practice, 
this study may guide the development of interventions aimed at maximizing 
the potential benefits of smartphone use at work (e.g., improved motivation 
and recovery).

It is currently not yet clear how fatigue and boredom relate to smartphone use 
during worktime. On the one hand, previous research has uncovered some 
negative effects of smartphones for task engagement. That is, in both field 
(Kushlev, Proulx, & Dunn, 2016) and laboratory (Shelton, Elliott, Eaves, & Exner, 
2009; Stothart, Mitchum, & Yehnert, 2015) studies, smartphone notifications 
were found to harm people’s ability to concentrate on their current task. It seems 
plausible that fatigue and boredom augment these negative effects. Indeed, 
in laboratory studies, fatigued participants were more likely to disengage from 
their main task in order to engage with their smartphone (Dora, van Hooff, 
Geurts, Kompier, & Bijleveld, 2019). On the other hand, smartphone interactions 
may serve a more positive function, in that they may act as microbreaks, during 
which people can recover from work demands (Kim, Park, & Niu, 2017; Kim, 
Park, & Headrick, 2018). Consistent with this idea, laboratory studies suggest 
that smartphone interactions have recovery potential, especially for people 
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who enjoy interacting with their smartphone (Dora et al., 2019). So, although 
laboratory research has produced useful insights, it remains an open question 
whether fatigue and boredom are related to smartphone behavior in real life.

Our hypotheses are grounded in recent motivational models of fatigue and 
boredom. We assume that to continue working vs. to use one’s smartphone 
represents a goal conflict—specifically, a conflict between labor goals and 
leisure goals (Inzlicht, Schmeichel, & Macrae, 2014; Kool & Botvinick, 2014). 
In the context of cognitive work, a labor task is any activity that is productive 
but mentally demanding (e.g., grading a thesis); a leisure task is any activity 
that is unproductive and mentally undemanding (e.g., answering a friend’s 
text message). According to motivational models of fatigue and boredom, 
the function of these experiences is to resolve such goal conflicts (Boksem 
& Tops, 2008; Hockey, 2011; Inzlicht et al., 2014; Kurzban, Duckworth, Kable, 
& Myers, 2013; Westgate & Wilson, 2018). Specifically, fatigue and boredom 
should arise when the current (labor) task is judged to have lower value than 
some alternative (leisure) task. In other words, feelings of fatigue and boredom 
are thought to consciously reflect a discrepancy between what is currently 
being done and what should be done instead. Whether fatigue or boredom 
is experienced is assumed to depend on the amount of stimulation currently 
provided by the (labor) task. Whereas fatigue is a negative affective state that is 
thought to occur when a lot of cognitive resources are invested into the current 
task (Kurzban et al., 2013), boredom is thought to occur when the current task 
provides insufficient stimulation (Westgate & Wilson, 2018). The experience of 
fatigue or boredom, then, should trigger people to switch from labor to leisure. 
In line with this idea, we hypothesize that (more) fatigue and boredom predict 
(more) subsequent smartphone use at work (hypothesis 1)

Engaging in leisure for some time should update the balance between labor 
and leisure (Inzlicht et al., 2014). Specifically, after engaging in leisure (e.g., using 
one’s smartphone), the relative value of labor (e.g., working on a spreadsheet) 
should increase, which should decrease fatigue and boredom (Kurzban et al., 
2013). In line with this rationale, we hypothesize that after more smartphone 
use, people experience less fatigue and boredom (hypothesis 2).

To test our hypotheses, we conducted an experience-sampling study in which 
participants rated their current level of fatigue and boredom, every full hour 
while they were at work, for three working days. At the same time, an applica- 
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tion on participants’ smartphone continuously monitored their smartphone use. 
By linking self-report data with objective smartphone use data, we were able to 
model the effect of fatigue and boredom on smartphone use, and vice versa. 
Because our predictions rest on the assumption that the smartphone is highly 
valued, we additionally tested whether individual differences in fear of missing 
out (FOMO) strengthen the relationships of smartphone use with fatigue and 
boredom in both directions, as FOMO is thought to reflect the degree to which 
one values to stay connected to others through digital technology (Przybylski, 
Murayama, DeHaan, & Gladwell, 2013) and hence increases the value of the 
smartphone.

RESULTS

Participants (N = 83) responded to 1,724 hourly self-reports of fatigue and 
boredom (20.77 per participant on average). We calculated smartphone 
use 20 minutes after and 20 minutes before these self-reports to examine 
the effect of fatigue and boredom on subsequent smartphone use, and 
vice versa. After excluding data points in which this 20-minute time frame 
pre- or post-questionnaire overlapped with the start time of work, end time 
of work, or lunch break, we were left with 1,461 (pre) and 1,458 (post) data 
points respectively.

Descriptive statistics

In the 20 minutes following the completion of the hourly questionnaire, 
participants had interacted with their smartphone in 52% of the cases. On 
average, they spent 92 seconds (SD = 182) on their smartphone, which equals 
~7% of the time frame (M = 84.03, SD = 167.75 in the 20 minute preceding the 
completion of the hourly questionnaire). The distribution of smartphone use 
in the 20 minute post-questionnaire interval is shown in Figure 4.1A. Across 
all hourly questionnaires from all participants, mean fatigue was 27 points (on 
a 100-point visual analogue scale; SD = 22). The development of fatigue over 
the working day is shown in Figure 4.1B. Across all hourly questionnaires from 
all participants, mean boredom was 17 points (on a 100-point visual analogue 
scale; SD = 19). The development of boredom over the working day is shown 
in Figure 4.1C. The correlation between fatigue and boredom on an hourly 
level was .45. Participants on average reported medium levels of FOMO (on a 
5-point Likert scale; M = 2.63, SD = 0.98).
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Figure 4.1. Descriptive statistics.
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Figure 4.1. Continued

Effect of fatigue and boredom on subsequent smartphone use

To test the effect of fatigue and boredom on subsequent smartphone use, 
we fitted two Bayesian mixed-effects models. With a binomial model, we 
first tested whether greater fatigue and boredom make it more likely that the 
smartphone is used at all in the following twenty minutes. Next, with a zero-
inflated beta model, we tested whether greater fatigue and boredom are related 
to more smartphone use (i.e., time spent interacting with the smartphone) 
in the following twenty minutes in case the smartphone is used at all (i.e., if 
smartphone use is > 0)..

Figure 4.2 shows the posterior distributions of our model of the effect of 
fatigue on the subsequent likelihood that the smartphone was used, overlaid 
with the posterior mean and 95% Bayesian credible interval. For this plot, we 
transformed the parameters of the model to the odds ratio. The posteriors show 
that as fatigue increases by half a standard deviation (~ 11 points), participants 
are estimated to be 1.32 times more likely to interact with their smartphone 
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in the following 20 minutes (95% CI = [1.00, 1.75]). Neither FOMO nor the 
interaction between fatigue and FOMO seemed to have any noticeable effect 
on the likelihood to use the smartphone, with the mean of the posterior being 
close to 1.

Figure 4.2. Exponentiated posterior distributions of the parameters (reflecting the odds 

ratios) for the fatigue model predicting subsequent likelihood to use the smartphone. The 

circles and the lines represent the mean of the posterior and the 95% Bayesian credible 

intervals respectively.

Similarly, Figure 4.3 shows the posterior distributions of our model of the effect 
of boredom on the subsequent likelihood that the smartphone was used. The 
posteriors show that as boredom increases by half a standard deviation (~ 10 
points), participants are estimated to be 1.41 times more likely to interact with 
their smartphone in the following 20 minutes (95% CI = [1.08, 1.88]). Again, 
neither FOMO nor the interaction showed any effect on the subsequent 
likelihood to interact with the smartphone. We conclude that there is some 
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evidence for a small effect of fatigue and boredom on the decision to interact 
with the smartphone, which is consistent with hypothesis 1. 

Figure 4.3. Exponentiated posterior distributions of the parameters (reflecting the odds 

ratios) for the boredom model predicting subsequent likelihood to use the smartphone. 

The circles and the lines represent the mean of the posterior and the 95% Bayesian credible 

intervals respectively.

Figure 4.4 shows the posterior distributions of our model of the effect of fatigue 
on smartphone use if the smartphone is used at all. The posteriors show that 
as fatigue increases by half a standard deviation, participants are estimated to 
use their smartphone for 3.5 seconds more in the subsequent 20 minutes (95% 
CI = [-23.40, 31.43]). The model further estimates that participants half a standard 
deviation higher than the average in FOMO use their smartphone for 41 seconds 
more in 20 minutes (95% CI = [0.21, 86.86). The mean of the posterior of the 
interaction between fatigue and FOMO is estimated to be close to zero.
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Figure 4.4. Posterior distributions of the parameters for the fatigue model predicting subse-

quent smartphone use (in seconds) if the smartphone is used at all. The circles and the lines 

represent the mean of the posterior and the 95% Bayesian credible intervals respectively.

Similarly, Figure 4.5 shows the posterior distributions of our model of the effect 
of boredom on smartphone use if the smartphone is used at all. The posteriors 
show that as boredom increases by half a standard deviation, participants are 
estimated to use their smartphone for 10 seconds more (95% CI = [-16.56, 
37.47]). Unsurprisingly, the model once more estimates that participants half 
a standard deviation higher than the average in FOMO use their smartphone 
for 39 seconds more in 20 minutes (95% CI = [-1.87, 85.00]). The model 
also estimates weak evidence that the relationship between boredom and 
subsequent smartphone use may be stronger for those participants lower 
in FOMO (meanint = -75.11, 95% CI = [-75.11, 16.65]). We conclude that there 
is no evidence for an effect of fatigue and boredom on the amount of time 
the smartphone is used, provided that it is used at all. This finding does not 
support hypothesis 1. However, there is some evidence that participants higher 
in FOMO use their smartphone more while at work.
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Figure 4.5. Posterior distributions of the parameters for the boredom model predicting sub-

sequent smartphone use (in seconds) if the smartphone is used at all. The circles and the lines 

represent the mean of the posterior and the 95% Bayesian credible intervals respectively.

Effect of smartphone use on subsequent fatigue and boredom

To test the effect of smartphone use on subsequent fatigue and boredom, we 
again fitted two Bayesian mixed-effects models. First, we tested the effect 
of whether or not the smartphone was used at all in the 20 minutes prior to 
the hourly questionnaire on subsequent fatigue and boredom. Second, we 
tested the effect of total smartphone use in the 20 minutes prior to the hourly 
questionnaire on fatigue and boredom. Like before, we also tested whether 
these effects were strengthened by individual differences in FOMO.

Figure 4.6 shows the posterior distributions of our model of the effect of 
whether or not the smartphone was used on fatigue. The posteriors show that 
if the smartphone was used in the 20 minutes before the hourly questionnaire, 
fatigue is estimated to be higher by 0.83 points (95% CI = [-0.19, 1.86]). The 
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effects of FOMO on fatigue and the interaction between whether or not the 
smartphone was used and FOMO are estimated to be close to zero. These 
results (as well as the results from the subsequent three models) did not change 
meaningfully when controlling for time of day, meaning the effect is not due to 
general increases in fatigue and boredom over time.

Figure 4.6. Posterior distributions of the parameters for the smartphone use (y/n) model 

predicting subsequent fatigue. The circles and the lines represent the mean of the posterior 

and the 95% Bayesian credible intervals respectively.

Similarly, Figure 4.7 shows the posterior distributions of our model of the effect 
of whether or not the smartphone was used on boredom. The posteriors show 
that if the smartphone was used, boredom is estimated to be higher by 1.30 
points (95% CI = [0.41, 2.22]). Again, the effects of FOMO on boredom and the 
interaction between whether or not the smartphone was used and FOMO are 
estimated to be close to zero. We conclude that there is some evidence for 
a small effect of whether or not the smartphone was used on the subjective 
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experiences of fatigue and boredom. However, this effect is in the opposite 
direction to hypothesis 2: smartphone use was associated with higher, not 
lower, subsequent fatigue and boredom.

Figure 4.7. Posterior distributions of the parameters for the smartphone use (y/n) model 

predicting subsequent boredom. The circles and the lines represent the mean of the pos-

terior and the 95% Bayesian credible intervals respectively.

Figure 4.8 shows the posterior distributions of our model of the effect of total 
smartphone use on subsequent fatigue. The posteriors show that if smartphone 
use increases by half a standard deviation (~ 80 seconds), fatigue is estimated 
to be higher by 0.95 points (95% CI = [-1.08, 3.03]). The means of the posteriors 
of the effect of FOMO and the interaction are estimated to be close to zero.

Similarly, Figure 4.9 shows the posterior distributions of our model of the effect 
of total smartphone use on boredom. The posteriors show that if smartphone 
use increases by half a standard deviation, subsequent boredom is estimated 
to be higher by 3.79 points (95% CI [1.97, 5.60]). The means of the posteriors of 
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the effects of FOMO and the interaction are once more estimated to be close to 
zero. We conclude that there is some evidence for a small effect of smartphone 
use on the subjective experiences of fatigue and, perhaps especially, boredom. 
Like before, this effect is in the opposite direction to hypothesis 2.

Figure 4.8. Posterior distributions of the parameters for the total smartphone use model 

predicting subsequent fatigue. The circles and the lines represent the mean of the posterior 

and the 95% Bayesian credible intervals respectively.

DISCUSSION

Here we examined the bidirectional relationship between subjective experiences 
that are known markers for low motivation—i.e., fatigue and boredom—and 
smartphone use at work, which we quantified through objective logging data. 
In line with hypothesis 1, findings indicate that people are more likely to switch 
from work to their smartphone when they are more fatigued or bored. However, 
we did not find evidence that people use their smartphone for longer periods 
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Figure 4.9. Posterior distributions of the parameters for the total smartphone use model 

predicting subsequent boredom. The circles and the lines represent the mean of the pos-

terior and the 95% Bayesian credible intervals respectively.

of time when they are more fatigued or bored. By contrast to hypothesis 2, 
findings indicate that, after having used their smartphone, people experience 
more fatigue and boredom.

The notion that fatigue and boredom act as a ‘stop emotion’ (Meijman, 1997) 
that trigger disengagement from the current task has been central to recent 
motivational models (Boksem & Tops, 2008; Hockey, 2011; Kurzban et al., 
2013; Westgate & Wilson, 2018) with several lab studies supporting it (Dora 
et al., 2019; Hopstaken, van der Linden, Bakker, & Kompier, 2015; Hunter 
& Eastwood, 2018). Indeed, we found that as both fatigue and boredom 
increase, participants were subsequently more likely to interact with their 
smartphone. While the effect on the likelihood to use the smartphone looked 
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small when interpreted visually, the model suggested that an increase in 
fatigue and boredom of just 10 points (on a 1–100 scale) was associated with 
a 30–40% increase in likelihood of smartphone use. To put these figures in 
context, on average, fatigue increased by about 20 points from the morning 
to the afternoon. Thus, despite that there are other factors that likely predict 
whether or not people use their smartphone (e.g., whether or not they have 
received a message), when people are very fatigued or bored, they seem to 
be substantially more likely to disengage from their work to interact with their 
smartphone, as compared to when they are not fatigued or bored. However, 
while fatigue was associated with the likelihood that people disengage from 
their work to interact with their smartphone, we did not find that fatigue is 
associated with the duration of smartphone use at work.

While motivational models of fatigue assume that fatigue arises when the current 
task is judged to have lower value than the next-best alternative, switching 
from labor to leisure should allow people to regain motivation for labor, which 
should be accompanied by decreased experiences of fatigue (and boredom; 
Inzlicht et al., 2014; Kurzban et al., 2013). One previous field study (Johnston 
et al., 2018) found support for this idea, as the extent to which participant 
reported their work in the previous 90 minutes to be rewarding was negatively 
related to perceptions of fatigue. By contrast to this previous study, we found 
that participants reported higher fatigue and boredom after having used their 
smartphone. It is important to note, however, that these effects were very small; 
e.g., the models estimated single-digit increases in boredom and fatigue (on a 
1–100 scale) when smartphone use increased by 80 seconds. To interpret this 
finding, people would need to use their smartphone for several minutes in a 
20-minute time window before this effect would become clearly noticeable. 
Our data suggests that this does happen, but not very often.

Why could it be that people felt more fatigued and bored after having used their 
smartphone? We propose two possible explanations for this counterintuitive 
finding. First, with regard to fatigue, it is worth noting that switching back and 
forth between two different tasks is often thought to be cognitively costly in 
itself (Kiesel et al., 2010). Such switch costs could have caused people to feel 
more fatigued as they resume work. Second, with regard to both fatigue and 
boredom, it could be that briefly interacting with one’s smartphone, rather than 
motivating people again to work hard, reinforces the higher value of leisure 
over labor, which in turn makes people even more fatigued and bored as they 
force themselves to switch back to work.
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Our predictions rest on the assumption that the smartphone is a highly-
rewarding (leisure) alternative to work (labor) tasks. Especially young people, 
such as the participants in our sample, report smartphone use to be rewarding 
(Johannes, Dora, & Rusz, 2019). However, there is considerable interindividual 
variability in how much people enjoy to be on their phone. We tried to tap 
into this variability through participant’s self-reported fear of missing out 
(FOMO). While we did find that participants who reported high FOMO at the 
start of the study used their smartphone more, FOMO did not strengthen 
the relationships between fatigue and boredom and smartphone use. As 
such, there are two possibilities: (a) FOMO, even though it is related to higher 
smartphone use, does not reflect a higher valuation of the smartphone, or (b) 
the notion that people should get fatigued faster depending on the value of 
the leisure alternative, is false.

As we planned to test a priori hypotheses, in line with recent developments 
in the field (Munafo et al., 2017), we preregistered our hypotheses, sample 
size, and analysis plan. However, due to several unforeseen circumstances (see 
Method for more details), we decided to quit data collection before we reached 
our planned sample size and to follow an alternative analysis plan. As such, 
our results should be considered exploratory and should be interpreted with 
caution. That said, assuming our findings are robust, they may point towards 
some important implications.

From a theoretical perspective, our study is among the first to test predictions by 
motivational accounts of fatigue in a real-world setting. As such, it corroborated 
lab studies that previously found fatigue to be related to task disengagement 
(Dora et al., 2019; Hopstaken et al., 2015). It also provided a first test of what 
happens to fatigue and boredom directly after labor-to-leisure switches. We 
did not find evidence for the predictions made by recent motivational models, 
as using the smartphone was associated with more, not less, subsequent 
fatigue and boredom. However, as our study is not fully conclusive (we did not 
follow our pre-registered analysis plan; the finding does not falsify motivational 
models), we suggest that more research on labor vs leisure decisions in relation 
to fatigue and boredom in real-life settings is necessary.

Finally, our results suggest that, rather than being a recovering microbreak, 
using one’s smartphone at work has phenomenological costs (i.e., increases 
in fatigue and boredom), and should thus be avoided. As this effect was 
relatively small, and as it was inconsistent with the few previous studies that 
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tested the effect of labor-to-leisure switches generally, or smartphone use more 
specifically, on subsequent fatigue and boredom, we caution against basing 
policies and interventions on this result. However, this finding is intriguing, and 
it warrants further exploration.

In conclusion, the present study reveals a complex interplay between fatigue 
and boredom and smartphone use at work. Experiencing fatigue or boredom 
seems to be related to an increased likelihood to interact with one’s smartphone, 
which in turn seems to be related to an increase in experienced fatigue and 
boredom. So, although further research is needed, our results suggest that 
taking a short break with one’s smartphone while at work may not have the 
intended positive effect on the motivation for one’s work tasks.

METHOD

Data availability and deviation from preregistration

Our data, data processing and analysis scripts, and initial pre-registration 
are available on the Open Science Framework (https://osf.io/z9wm8/). Two 
unanticipated circumstances led us to deviate from our preregistered tests. 
First, we did not reach our planned sample size within the timeframe that was 
available for this project. Second, although we planned to test our hypotheses 
with a mixed-level linear modeling approach, this turned out not to be viable 
due to the distribution of the smartphone data (Figure 1A). To model our data 
in a more appropriate manner, we opted to use a zero-inflated beta model. As 
a consequence, we decided to additionally simplify our predictions and change 
the smartphone use time interval from 45 minutes to 20 minutes. Given the 
difficulties interpreting p-values as analyses are changed post hoc, we used 
a Bayesian approach throughout the paper (see below). In sum, we deviated 
from our a priori plan in several ways. A complete overview of our deviations as 
well as our reasoning can be found on the OSF project page. Thus, our results 
should be interpreted with caution and should be considered exploratory.

Participants and procedure

Initially, we set out to recruit 150 participants. We had four inclusion criteria. 
Participants had to (a) be employed as a PhD candidate, (b) own an Android 
smartphone, (c) self-report high job autonomy and (d) self-report to use their 
smartphone more for private matters than for work-related matters while at 
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work. The rationale behind criterion (a) was that we wished to sample from 
a relatively homogeneous, young population of employees who are free to 
interact with their smartphone while at work. In the Netherlands, PhD candidates 
are employees; they usually have a 4 year, 38 hours/week work contract. All 
participants had an office, and worked the majority of their working hours in 
this office. With regard to criterion (b), participants had to own an Android 
smartphone as the logging application, which we used to measure smartphone 
use, was suitable only for the Android operating system. With criterion (d), we 
did our best to ensure that the majority of smartphone interactions during our 
study were non-demanding leisure activities. These strict inclusion criteria, 
paired with people’s reluctance to share their smartphone data with researchers, 
made it difficult to reach our desired sample size within the timeframe that was 
available for this project. We decided to terminate data collection after ~18 
months. At that point, 98 participants had completed our study. We excluded 
15 participants because they either did not correctly install the application at 
the beginning of the study, or the application was not working properly on 
their smartphone for other reasons, leaving us with a final sample size of 83 
participants (62 female, Mage = 26.78). Participants were at varying stages in their 
PhD (NYear1 = 30, NYear2 = 21, NYear3 = 17, NYear4 = 14, NYear5 = 1) and came from 
a range of faculties (e.g., Nsocial sciences = 31, Nmedical sciences = 15, Nsciences = 11).

First, participants filled in a general questionnaire in which they reported 
demographics, the items measuring fear of missing out, as well as several 
questions that were meant to disguise the research questions (this took ~ 10 
minutes). They then indicated three days in the following week(s) during which 
they planned to work from their office (meaning no work from home and no 
meetings, such as with supervisors or students) and downloaded the application 
‘App Usage – Manage/Track Usage’ from the Google Play Store that tracked 
their smartphone usage. During the three days, participants received a link to 
a Qualtrics questionnaire (which included self-reports of fatigue and boredom) 
every full hour between 8am and 6pm to their work email. Opening and filling 
out each questionnaire took ~30 seconds. Participants were instructed to ignore 
the questionnaires they received before they arrived at work and after they left 
work; moreover, they were asked to fill in as many of the hourly questionnaires 
as possible while they were at work. These questionnaires always expired 15 
minutes after they were sent. Additionally, at the end of the working day (6pm) 
participants received an end-of-day questionnaire (which addressed self-report 
of time they started work, time they ended work, and the timing of their lunch 
break). This questionnaire always expired at 5pm of the next day. During the 
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three days, the application continuously logged the participants’ smartphone 
usage. After the three days, participants extracted the logging data from the 
application and sent it to us. We then merged and anonymized the data. This 
procedure, as well as the entire study protocol, was approved by Radboud 
University’s Ethics Committee Social Science (ECSW2017-1303-485), and was 
conducted in accordance with local guidelines. All participants gave written, 
informed consent to participate.

Measures

Fatigue and boredom. Participants rated their current level of fatigue and 
boredom (‘How fatigued do you currently feel?’; ‘How bored do you currently 
feel?’; van Hooff, Geurts, Kompier, & Taris, 2007) on a 100-point Visual Analogue 
Scale (ranging from ‘not at all’ to ‘extremely’).

Smartphone use. The logging application data contained four variables: (a) 
the name of the application that is currently open (note: home screen and lock 
screen are considered applications by the smartphone as well), (b) the date, (c) 
the time, and (d) the duration. Every time the open application changed, the 
logging application produced a new row of data. In total, this dataset contained 
25,307 rows (305 application transitions per participant on average). In a first 
step, we preprocessed this data using PsychoPy (Peirce, 2007). Specifically, for 
each hourly questionnaire, we extracted the exact time when the questionnaire 
was submitted and we defined a pre- and post-questionnaire time interval 
(i.e., 20 minutes before and after the submission time, respectively). We then 
calculated the sum of the durations (in seconds) that the participant spent in 
applications that were not the home or lock screen in these pre- and post-
questionnaire time intervals. Next, we excluded data points that had more than 
two minutes of overlap with (a) the reported start of the working day, (b) the 
reported end of the working day, or (c) the reported lunch break.

Fear of missing out. FOMO was assessed once in the general questionnaire. 
We adapted three items used in a previous study (Reinecke et al., 2016) 
measuring fear of missing out when using the internet less. Our items (α = .75) 
reflected fear of missing out when using the smartphone less for private matters 
while at work (e.g., “If I would use my smartphone less for private matters 
while at work, I would fear missing out on important things). These items were 
answered on a 5-point Likert scale ranging from 1 (strongly disagree) to 5 
(strongly agree).
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Data analysis

We conducted all of our analyses in R (R Core Team, 2019). To test the effect of 
fatigue and boredom on subsequent smartphone use and vice versa, we used 
a Bayesian (generalized) linear mixed-effects modeling approach using the brm 
function (brms package; version 2.10.0; Bürkner, 2017). In all analyses, the hourly 
measure was the unit of analysis. Continuous, within-subjects predictors (e.g., 
fatigue) were standardized within participants and then divided by 2 (so that the 
mean is 0 and the standard deviation is 0.5; Gelman, Jakulin, Pittau, & Su, 2008). 
Categorical, within-subjects predictors (e.g., whether participants used their 
smartphone at all) were sum-to-zero coded (-1; 1). Continuous, between-subjects 
predictors (e.g., FOMO) were standardized on a sample level. We aimed for 
‘maximal’ random effects structures (Barr, Levy, Scheepers, & Tily, 2013) in our 
models. Accordingly, we fitted three-level varying-intercept multilevel models 
where hourly data were nested within days of study participation, and days were 
nested within participants. Thus, the models contained three random intercepts 
for each participant, one for each day of the study. We modeled all predictors 
as fixed effects and random slopes varying across days and participants, except 
FOMO, which we assumed to be stable within participants (example R syntax: 
1 + fatigue*FOMO + (1 + fatigue | participant/day)).

As smartphone use was not normally distributed and heavily zero-inflated 
(i.e., often participants did not interact with their smartphone at all in the 
post-questionnaire interval; Figure 1A), we could not fit linear mixed-effects 
regressions as we had planned a priori. To deal with this data, we took two 
steps. First, we estimated the effect of fatigue and boredom on the likelihood 
to interact with the smartphone at all in the post-questionnaire time frame 
(vs not). With this model, we test whether participants were more likely to 
use their smartphone at all when they were more fatigued/bored. Second, we 
fitted a mixed-effects model using the zero-inflated beta distribution, which is 
appropriate for the way smartphone use was distributed in our sample (Ospina 
& Ferrari, 2012). In order to perform this analysis, we transformed the absolute 
smartphone use in seconds into the proportion of the time interval that the 
smartphone was used (e.g., in a 20-minute interval, 120 of 1200 seconds equals 
0.1 or 10%; for plotting and interpretation, after model fitting we transformed 
the parameters once more to reflect seconds). In this mixture model, the data 
points in which the smartphone was not used at all are modeled separately 
from the data points where the smartphone was used any other amount. In this 
analysis, we were interested in the parameter for fatigue/boredom predicting 
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the non-zero smartphone use. As such, with this model, we test whether 
participants used their smartphone more when they were more fatigued/bored 
in case they interacted with their smartphone at all.

As fatigue and boredom were approximately normally distributed, we could fit 
linear mixed-effects regression models to examine the effect of smartphone 
use on subsequent fatigue and boredom. To mirror the analyses for the effect 
of fatigue and boredom on smartphone use, we estimated the effect of whether 
or not the smartphone was used at all as well as the effect of total smartphone 
use in seconds (both in the pre-questionnaire time interval) on fatigue and 
boredom. Last, we tested the moderating effects of fear of missing out on the 
relationship in both directions.

For all of these analyses, we employed normally-distributed weakly informative 
priors (Gelman et al., 2008) with a mean of 0 and wide uncertainty around it, 
adjusted to the scale of the outcome variable, in order to be conservative. None 
of the results meaningfully changed when we replaced our weakly informative 
priors with the default brms priors. With regard to the time frame that we use 
in our models, we chose a time interval of 20 minutes, which was meant to be a 
compromise between validity (the shorter the time interval, the more accurate 
the fatigue and boredom indicator is towards the end of the time interval) 
and power (the longer the time interval, the more data we have available). 
As sensitivity analyses, we also fitted all models in time frames of 10 and 30 
minutes respectively to make sure that the results are robust to the arbitrary 
time frame that we chose. Results did not meaningfully differ as the time frame 
changed from 10 to 20 to 30 minutes.

For each model, we ran 4 MCMC chains with 4000 samples and report the 
posterior distributions paired with the posterior mean and 95% Credible 
Interval. To make sure that our models converged and fit the data well, we 
inspected the Rhat statistic, the effective sample size, trace plots to make sure 
that the chains mixed, and posterior predictive checks.
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ABSTRACT

In this research, we attempt to understand a common real-life labor/leisure 
decision, i.e., to perform cognitive work or to interact with one’s smartphone. 
In an ecologically valid experiment, participants (N = 112) could freely switch 
back and forth between a doing a 2-back task and interacting with their own 
smartphone. We manipulated the value of the 2-back task (by varying the value of 
monetary rewards; within-subjects) and of the smartphone (by switching on and 
off airplane mode; within-subjects) while we recorded incoming notifications, 
such as text messages. Our study produced three main findings: 1) the current 
value of the smartphone did not increase our statistical model’s ability to 
predict switches from labor to leisure when the current task value was also taken 
into account; 2) however, participants reacted strongly to naturally incoming 
notifications, which were the strongest predictor of labor-to-leisure switches; 
3) there was no evidence that taking into account individual differences (in the 
value assigned to labor and leisure) improved the model’s ability to predict 
labor-leisure switches. In sum, using a situated approach to studying labor/
leisure decisions, our findings highlight the importance of high task motivation, 
as well as the temporary distractive potential of smartphone notifications, when 
people face the challenge to stay focused on their productive tasks.
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LABOR/LEISURE DECISIONS IN THEIR NATURAL CONTEXT: 
THE CASE OF THE SMARTPHONE

In everyday life, people are often confronted with labor/leisure decisions. For 
example, students may be faced with the decision whether to continue studying 
(labor) vs. to idle on their smartphones (leisure); office workers may be faced 
with the decision to continue answering client emails (labor) vs. to plan their 
next vacation (leisure); and even in their free time, people may have to decide 
whether to go to the gym (labor) vs. to stay at home and watch Netflix (leisure). 
Against the background of current societal changes – e.g., work is getting 
more mentally demanding (Goldman & Scardamalia, 2013) and smartphones 
offer instant entertainment (Oulasvirta, Rattenbury, Ma, & Raita, 2012) – it is 
important to understand how people make these labor/leisure decisions. In this 
study, we aim to understand one very ubiquitous labor/leisure decision, namely 
the decision to pick up one’s smartphone while one is doing cognitive work.

Labor/leisure decisions are defined as decisions between working hard to 
obtain some external reward (mental labor) and carrying out an activity that 
provides relief (mental leisure; Inzlicht, Schmeichel, & Macrae, 2014; Kool & 
Botvinick, 2014). Previous research on labor/leisure decisions yielded several 
important insights: First, research suggested that labor/leisure decisions can be 
best understood by analyzing the costs and benefits of both labor and leisure 
options. For example, people’s labor/leisure decisions depend on the current 
value of labor (e.g., the monetary rewards that are tied to working; Kool & 
Botvinick, 2014) and the current value of leisure (e.g., having available a pleasant 
alternative to labor, Rom, Katzir, Diel, & Hofmann, 2019). Second, the feeling of 
fatigue seems to be a key driver of the decision to disengage from a demanding 
task, in that people are more likely to switch from labor to leisure when they 
feel more fatigued (Dora, van Hooff, Geurts, Kompier, & Bijleveld, 2019; Dora, 
van Hooff, Geurts, Kompier, & Bijleveld, 2020; see Hockey, 2011). Third, labor/
leisure decisions are idiosyncratic, in that individual differences matter. For 
example, people higher in need for cognition (i.e., people who value labor 
more) tend to choose labor even if the reward for labor is lower (Westbrook, 
Kester, & Braver, 2013). Moreover, people differ strongly in the relative value 
they assign to different leisure alternatives to the same labor task (Dora et al., 
2019). Together, consistent with recent theories (Inzlicht et al., 2014; Kurzban, 
Duckworth, Kable, & Myers, 2013; Shenhav et al., 2017), these studies suggest 
that labor/leisure decisions are determined by a cost-benefit process in which 
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people weigh the value of the current activity (e.g., labor) against the value of 
the next-best alternative (e.g., leisure).

Although these initial studies are important – after all, they yielded mechanistic 
insight – all have attempted to understand labor/leisure decisions in artificial, 
highly-controlled contexts. As a result, these previous studies have helped to 
understand how a small number of variables affect labor/leisure decisions when 
they are made in the laboratory. However, it is currently less clear how people 
make labor/leisure decisions in a more ecologically valid setting (Lin, Werner, 
& Inzlicht, 2020).

Here we present a laboratory experiment in which we prioritized ecological 
validity in all design decisions. We study the context of one specific labor/leisure 
decision, namely the decision between doing a productive-but-demanding 
cognitive task (labor) and interacting with one’s own smartphone (leisure). In 
doing so, we add to the literature on labor/leisure tradeoffs in three novel 
ways. First, previous experiments either constrained when and how often 
people could switch back and forth between labor and leisure, or gave people 
the choice between two artificial tasks that differed only in mental demands 
required to perform them. In this experiment, as in real life, participants can 
freely switch back and forth between labor and leisure tasks. Second, as in 
previous work, we manipulate two parameters that often vary in real life: the 
current value of the task, and the current value of the leisure (smartphone) 
alternative. However, going beyond previous work, we also take into account 
that, in real life, the value of smartphone interactions changes with incoming 
notifications, such as text messages, and that there are individual differences 
in how much people value smartphone interactions. Third, prior work aimed 
to isolate the role of individual predictors on labor/leisure decisions. However, 
real life is more complex. So, rather than to explicitly test the effect of individual 
variables on the decision to switch, we compare models of varying complexity 
that provide broader explanations of switches from labor to leisure. With this 
procedure, we aim to reveal the combination of variables that best explains 
when people switch from labor to leisure. In summary, with our design choices 
we strived to improve ecological validity; our study can thus help to advance 
understanding of labor/leisure decisions in their natural context (Clancey, 1997; 
Hutchins, 1995; Markman & Dietrich, 2000).

We designed a choice task based on previous work on labor/leisure 
decisions (Algermissen et al., 2019; Dora et al., 2019; Kool & Botvinick, 2014). 
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In our task, participants can freely switch back and forth between a 2-back 
memory task (labor) and interacting with their own smartphone (leisure). We 
manipulated the value of the 2-back task by varying the monetary reward 
associated with performance. We manipulated the value of interacting 
with the smartphone by activating vs. de-activating the airplane mode 
functionality on participants’ smartphones, which should reduce the value of 
the smartphone (Johannes, Dora, & Rusz, 2019). During the experiment, we 
measured the number of incoming notifications to participants’ smartphone. 
Additionally, we measured participants’ trait valuation of mental labor and 
smartphone-related mental leisure.

METHOD

Preregistration and data availability

We preregistered design, sample size, and statistical analyses. Our 
preregistration, experimental materials, data, and analysis scripts are available 
on the Open Science Framework project of this article (https://osf.io/s2wy5/).

Sample size rationale

We did not perform a power analysis as we did not aim to test any directional 
hypotheses. Instead, we decided to recruit and run participants either until we 
would run out of money (120 participants) or until July 1, 2019. By that date, we 
had collected data from 112 participants.

Participants, procedure, and design

112 university students (Mage = 22.10 years; 74 females) participated in exchange 
for either €5 or partial course credit and an extra cash payment of €0.008 per 
2-back trial in high task value blocks and €0.002 per 2-back trial in low task 
value blocks. Participants had to be between 18 and 30 years of age, and had 
to own a smartphone. Upon the participant’s arrival, the experimenter ensured 
that the participant brought his/her smartphone, and that the smartphone 
was sufficiently charged. After obtaining informed consent, together with the 
participant, the experimenter turned up the sound volume of the smartphone 
and turned on push notifications for all installed applications. The experimenter 
also made sure that participants were familiar with the airplane mode 
functionality and knew how to turn it on and off.
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Next, the participant was seated in a cubicle, and the smartphone was connected 
to a Button Box via an auxiliary cable (note: from the smartphone’s perspective, 
this is as if headphones are connected). The experimenter then sent a text 
message to the participant’s smartphone to check whether the Button Box 
correctly recorded the sound signal from the incoming notification. In turn, 
participants reported demographics (age and gender), received task instructions, 
and practiced the 2-back task for 20 trials. Participants then completed 8 blocks 
of the choice task, which is described below. Together, these 8 blocks took 
approximately 40 minutes to complete. After they were finished, participants 
were debriefed and received their compensation. The study was approved by the 
local ethics review board. We employed a 2x2 within-subjects design (high task 
value vs. low task value; high phone value vs. low phone value). We continuously 
measured incoming notifications, and we continuously recorded participants’ 
switches from labor to leisure (and vice versa).

Choice task

The task was scripted with PsychoPy (Peirce, 2007). For labor, we used a visual 
letter variant of the 2-back task. Participants had to decide whether a letter 
presented on the screen was a target or a non-target. In case of a target, 
participants had to press a button on the button box. Targets were defined as 
trials where the currently-presented letter was the same as the letter that was 
presented before the previous one. The stimuli were presented for 500ms in 
the center of the screen, followed by an intertrial interval of 1500ms. The target 
rate was 25%.

One block consisted of 196 2-back trials. In each trial, participants could choose 
between performing the 2-back task (labor) or interact with their smartphone 
instead (leisure). Interacting with the smartphone did not prolong the experiment 
as the trials continued to be counted during leisure. The task value and phone 
value changed between blocks, with each combination of the task value and 
phone value manipulations occurring during two blocks. At the beginning of 
each block, participants learned how much money they could earn per trial 
(task value); also, they were instructed to either activate or de-activate airplane 
mode on their phone (phone value). The order of the blocks was randomized. 
The current combination of task value and phone value was announced at the 
start of each block and was continuously displayed in the corner of the screen. 
Participants did not earn money when they interacted with their smartphone. 
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Participants could pause (and unpause) the 2-back task by pressing a 
corresponding button on the button box. While the task was paused, participants 
were instructed to do whatever they wanted on their smartphone.

Questionnaires

Need for cognition. We operationalized the trait measure of the value of the 
labor task by measuring participants’ need for cognition. We used the 18-item 
Need for Cognition Scale (Cacioppo Petty, & Feng Kao, 1984). The items (e.g., 
“I would prefer complex to simple problems.”; “I find satisfaction in deliberating 
hard and long for hours.”, α = .88) were answered on a 5-point Likert scale from 
1 (strongly disagree) to 5 (strongly agree).

Need for smartphone use. We operationalized the trait measure of the value 
of the leisure task by measuring participants’ need for smartphone use. We 
adapted seven items of the attitude subscale of the Media and Technology 
Usage and Attitude Scale (Rosen, Carrier, Cheever, & Rokkum, 2013). This 
scale measures positive and negative attitudes to, as well as dependence 
toward, technology. From the original scale, we selected only those items 
that were specifically related to the smartphone. Due to these seven items 
having low reliability in our sample (α = .54), we removed the three items 
that measured negative attitudes. The remaining four items had acceptable 
internal reliability (α = .70). The items (e.g., “I feel it is important to be able to 
access my smartphone any time I want.”; “I get anxious when I don’t have my 
smartphone.”) were answered on the same 5-point Likert scale.

Data analysis

We conducted all analyses in R (version 3.6.2; R Core Team, 2020). To test 
how people make the decision to switch from labor to leisure (i.e., from the 
2-back task to the smartphone), we preregistered to run an exhaustive list of 
Bayesian generalized linear mixed-effects models predicting labor-to-leisure 
switches from the task value and phone value manipulations. That is, we ran 
the following five models: a) an intercept-only model; b) a model including 
task value as the sole predictor; c) a model including phone value as the sole 
predictor; d) a model including task value and phone value as predictors; and 
e) a model including task value, phone value, and the interaction between the 
two as predictors.
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After fitting these five models, we used the Widely Applicable Information 
Criterion (WAIC; Watanabe, 2010) of each model to compute Akaike weights. 
With these weights, we quantified the conditional probability of each model. In 
other words, we test which combination of predictors best explains the switch 
from labor to leisure, while taking increasing model complexity into account 
(Vehtari & Gelman, 2017). We fitted these models using the brm function (brms 
package; version 2.10.0; Bürkner, 2017). In our models, the trial was the unit of 
analysis. Our categorical, within-subjects predictors were sum-to-zero coded 
(-1; 1). We used ‘maximal’ random-effects structures in our models (Barr, Levy, 
Scheepers, & Tily, 2013). Accordingly, our models included a per-participant 
random intercept to account for the repeated-measures nature of the data. We 
modeled the within-subjects predictors task value and phone value as fixed 
effects and as random slopes varying across participants.

For exploratory purposes, we additionally compared models in which we 
replaced the phone value manipulation with the notifications participants 
received during the experiment, as well as more complex models involving 
the trait measures of labor and leisure value. For all models, we employed the 
default brms priors. For each model, we ran 4 MCMC chains with 4000 samples. 
We inspected model fit using the Rhat statistic, the effective sample size, trace 
plots to make sure that the chains mixed, and posterior predictive checks.

RESULTS

Preregistered analyses

On average, during the experiment participants switched 6.13 times from the 
2-back task to the smartphone (SD = 6.89). They spent roughly 86% of experimental 
trials engaging in labor, and interacted with their smartphone for the remaining 14% 
of trials. On average, participants reported medium levels of need for cognition 
(M = 3.46, SD = 0.54) and need for smartphone use (M = 3.08, SD = 0.77).

Table 5.1 shows the weights of our five preregistered models predicting the 
switch from the 2-back task to the smartphone. This analysis revealed that the 
‘winning’ model predicting the switch from the 2-back task to the smartphone 
was the model that included the current task value, but not the current phone 
value (i.e., whether or not the phone was in airplane mode). This model had the 
highest estimated probability to explain the labor-to-leisure switch; its weight was 
almost 10 times as large as the weight of the next-best model. In other words, this 
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model’s conditional probability to best explain the switch is almost 10 times larger 
than that of the next model. The posterior distribution of this model can be found 
in Figure 5.1. The model estimates that participants were 1.21 times more likely 
to switch from the 2-back task to the smartphone if the current task value is low 
(95% CI = [1.08, 1.36]; 0.83 times more likely if the current task value is high).

Table 5.1. Akaike weights based on WAIC scores of the five task value/phone value models 

predicting the switch from the 2-back task to the smartphone.

Model WAIC Weight

1 Intercept-only 8210.9 0.0027

2 Task value 8199.5 0.8322

3 Phone value 8215.3 0.0003

4 Task value + phone value 8204.2 0.0789

5 Task value * phone value 8204.0 0.0860

Figure 5.1. Exponentiated posterior distribution of the parameter (reflecting the odds ratio) 

for the task value-only model predicting the switch from the 2-back task to the smartphone. 

The circles and the lines represent the mean of the posterior and the 95% Bayesian credible 

interval respectively.
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Exploratory analyses: Notifications

As the phone value manipulation did not improve the model’s ability to predict 
the labor-to-leisure switches beyond the task value manipulation, we next 
explored whether the notifications that participants spontaneously received 
during the study influenced their decision to switch. For this, we computed two 
variables. First, we computed the current number of unattended notifications 
since the last smartphone interaction. Second, we computed a variable that 
tracked whether or not the participant received a notification in the past 10 trials 
(~ 20 seconds). Given that participants could only receive notifications when the 
airplane mode was deactivated, in these analyses, we excluded all blocks during 
which the airplane mode was activated. Additionally, for these analyses we had 
to exclude 8 participants for which the Button Box did not accurately record 
notification sounds. We then replaced the phone value variable with these two 
variables and once more compared five models. The weights of these model 
comparisons can be found in Tables 2 and 3 respectively.

Table 5.2 shows that the combination of the task value manipulation and the current 
number of notifications predicted the switch better than the task value alone. This 
model clearly outperformed the task value-only model. Additionally, this model’s 
weight was almost 5 times as large as the next-best model, which included the 
interaction between the two predictors. The posterior distributions of the ‘winning’ 
model can be found in Figure 5.2. The model estimates that participants were 1.40 
times more likely to switch from the 2-back task to the smartphone if the task value 
is low (95% CI = [1.18, 1.68]), and participants are 1.43 times more likely to switch 
with each additional notification (95% CI = [1.31, 1.57]).

Table 5.2. Akaike weights based on WAIC scores of the five task value/# of notifications 

models predicting the switch from the 2-back task to the smartphone.

Model WAIC Weight

1 Intercept-only 3622.7 0.0000

2 Task value 3607.5 0.0000

3 # of notifications 3565.4 0.0002

4 Task value + # of notifications 3548.6 0.8295

5 Task value * # of notifications 3551.8 0.1703
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Figure 5.2. Exponentiated posterior distributions of the parameters (reflecting the odds 

ratios) for the task value and # of notifications model predicting the switch from the 2-back 

task to the smartphone. The circles and the lines represent the mean of the posterior and 

the 95% Bayesian credible interval respectively.

Table 5.3 shows that the model including the task value manipulation and 
whether the participant received a notification in the past 10 trials clearly 
outperformed the model including only the task value. The weight of this 
model was more than 10 times larger than that of the next-best model. Thus, it 
appears that participants use both the current task value and recently incoming 
notifications to decide when to switch from a demanding labor task to the 
smartphone. The posterior distributions of this model can be found in Figure 
5.3. The model estimates that participants are 1.35 times as likely to switch to 
the smartphone when the current task value is low (95% CI = [1.15, 1.62]), and 
3.29 times as likely if they received a notification in the past 10 2-back trials 
(95% CI = [1.52, 5.58]).
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Table 5.3. Akaike weights based on WAIC scores of the five task value/recent notification 

models predicting the switch from the 2-back task to the smartphone.

Model WAIC Weight

1 Intercept-only 3622.7 0.0000

2 Task value 3607.5 0.0000

3 Recent notification 3594.3 0.0027

4 Task value + recent notification 3582.6 0.9081

5 Task value * recent notification 3587.3 0.0892

Figure 5.3. Exponentiated posterior distributions of the parameters (reflecting the odds 

ratios) for the task value and recent notification model predicting the switch from the 2-back 

task to the smartphone. The circles and the lines represent the mean of the posterior and 

the 95% Bayesian credible interval respectively.

Exploratory analyses: Individual differences

Finally, we tested whether individual differences in participants’ baseline 
valuation of mental labor (i.e., need for cognition) and of interacting with 
one’s own smartphone (i.e., need for smartphone use) further improved the 
winning models’ ability to predict labor-to-leisure switches. To do so, we 
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compared the respective three winning models with models that additionally 
included need for cognition and need for smartphone use. We also included 
the relevant 2-way interactions (plausibly, need for cognition may moderate 
the effect of task value; also, need for smartphone use may moderate the 
effect of incoming notifications). The results of these comparisons were 
not conclusive and are reported in Table 5.4. We conclude that there is no 
clear evidence that individual differences in need for cognition and need 
for smartphone use improve the respective model’s ability to predict the 
switch from labor to leisure.

Table 5.4. Akaike weights based on WAIC scores comparing the three winning models with 

models including the need for cognition and need for smartphone use predicting the switch 

from the 2-back task to the smartphone.

Model WAIC Weight

1 Task value 0.5847

2 Task value * need for cognition 0.4153

1 Task value + # of notifications 0.7719

2 Task value * need for cognition + # of notifications * need for
 smartphone use

0.2281

1 Task value + recent notification 0.7461

2 Task value * need for cognition + recent notification * need for
 smartphone use

0.2539

DISCUSSION

With this experiment, we aimed to understand how people decide to switch 
from a productive-but-demanding task (labor) to interacting with their own 
smartphone (leisure) in an ecologically valid setting. Our study produced three 
main findings. First, the current value of the smartphone did not improve our 
ability to predict the switch from labor to leisure beyond the current value of 
the task. Second, exploratory analyses showed that people react especially 
strongly to incoming notifications, which seem to drive the decision when to 
switch from the task to the smartphone. Third, we found no evidence that taking 
into account individual differences improved our ability to predict the switch 
from the task to the smartphone. We now turn to a more detailed discussion 
of these findings.
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Recent theoretical accounts converge on the idea that the decision between 
labor and leisure depends on the current value of labor relative to the current 
value of leisure (Inzlicht et al., 2014; Kurzban et al., 2013; Shenhav et al., 2017). 
This idea is relevant to smartphone use; indeed, many people—especially 
young people—rate the social applications of the smartphone as highly 
rewarding (Johannes, Dora, & Rusz, 2019). Nevertheless, the availability of 
these features did not improve our model’s ability to predict the switches 
from labor to the smartphone when the current value of the labor task was 
already taken into account. This implies that when people are highly motivated 
by the current rewards associated with task performance, they are motivated 
to continue to engage with their task irrelevant of other factors, such as the 
value of competing activities or stimuli (Rusz, Bijleveld, & Kompier, 2018). 
Thus, from our preregistered analyses, we conclude that, in practice, high 
motivation for the current task seems more urgent than removing high-value 
leisure alternatives from the environment, if one wishes to nudge people to 
continue to engage in labor.

However, our exploratory analyses suggest that, in addition to considering the 
current value of the task, people exhibit a strong stimulus-driven response to 
incoming notifications. This is consistent with the idea that value-related stimuli 
have the potential to distract people from their work (Anderson, Laurent, & 
Yantis, 2011; Rusz, Le Pelley, Kompier, Mait, & Bijleveld, 2020). Intriguingly, our 
findings suggest that the effect of notifications could be substantially stronger 
than that of task motivation — especially when one considers the recency of 
these notifications. Together, these results could indicate that the baseline value 
of the smartphone is not that high, whether all of its features are available or 
not—but that the value sharply increases with incoming notifications. Previous 
work suggests that the value of real-world leisure alternatives likely varies 
considerably from moment to moment (Dora et al., 2019; Kool & Botvinick, 
2014; Kurzban et al., 2013); our findings suggest that smartphones substantially 
contribute to this variability in practice.

Our study has two important practical implications. First, it highlights the 
importance of high task motivation for people to persist engaging in their labor 
tasks. Even while engaging with a highly demanding cognitive task, this motivation 
mostly prevented participants from taking breaks with their smartphone – at least 
when participants did not receive notifications. Thus, rather than worrying about 
the availability of leisure alternatives in the environment, people should attempt 
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to keep the value of their labor task high. For instance, high task motivation 
can be achieved by setting specific, challenging, and meaningful goals (Locke 
& Latham, 2006; Locke & Latham, 2019).

Second, in line with previous research on the effect of smartphone notifications 
on cognition (Kushlev, Proulx, & Dunn, 2016; Shelton, Elliott, Eaves, & Exner, 
2009; Stothart, Mitchum, & Yehnert, 2015), our results highlight the disruptive 
potential of such incoming notifications. Whereas our participants managed to 
engage with their task for the majority of the time, receiving a notification within 
the last 20 seconds increased the odds of a switch from labor to leisure by more 
than three. While some evidence indicates that short smartphone interactions 
may help people to recover from fatigue (Dora et al., 2019), our results clearly 
suggest that people should temporarily turn off the notifications on their 
smartphone during periods of productivity, such as office hours and while 
sitting in the library preparing for an important test. Some research indicates 
that smartphone users themselves do not recognize the potential problems 
associated with smartphone distractions (Berry & Westfall, 2015). Whereas 
previous accounts have called for the implementation of policies removing 
smartphones altogether from classrooms and workplaces (and the difficulties 
to get people to accept such policies; Berry & Westfall, 2015; Campbell, 2006; 
Gill, Kamath, & Gill, 2012), our data suggest that merely turning off notifications 
(paired with high task motivation) may go a long way in keeping productivity 
high when it is most important.

One limitation of our study is that our operationalization of labor (the 2-back 
task) was not as ecologically valid as our operationalization of leisure (interacting 
with one’s own smartphone). We made this choice because we wanted to keep 
some control over the demands placed on participants during labor. Now we 
have studied how people decide to switch from labor to leisure when labor is 
not self-paced and highly structured, future research could investigate whether 
this decision is made differently when people work on more natural labor tasks. 
One way this could be done is to invite students to study in the lab for an 
upcoming exam (with their smartphone on the table) and observe them for a 
fixed period of time. Alternatively, one could make use of experience-sampling 
designs to study the temporal dynamics of labor/leisure decisions (Dora et al., 
2020; Hofmann, Baumeister, Förster, & Vohs, 2012). A second limitation of our 
study was that we did not offer participants additional leisure alternatives. Most 
of the time, real life does not only offer people the smartphone as an alternative 
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to their labor tasks, and people rarely put their smartphone in airplane mode. 
Hence, future work may expand on the current study by studying smartphone 
use as one of a range of leisure alternatives to some labor task.

Conclusion

The present study enriches the scientific literature on labor/leisure tradeoffs 
by examining how people switch from labor to leisure in a setting high in 
ecological validity. With this situated approach (Hutchins, 1995), we showed 
that the combination of task motivation and a temporary boost in leisure value 
through incoming notifications best explained the decision to disengage from a 
productive-but-demanding task to switch to the smartphone. In future research, 
it may well be useful to study additional labor/leisure decisions in their naturally 
occurring environment.
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CHAPTER 6
Social smartphone apps do not 
capture attention despite their 
perceived high reward value
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ABSTRACT

Smartphones have been shown to distract people from their main tasks 
(e.g., studying, working), but the psychological mechanisms underlying these 
distractions are not clear yet. In a preregistered experiment (https://osf.io/
g8kbu/), we tested whether the distracting nature of smartphones stems from 
their high associated (social) reward value. Participants (N = 117) performed 
a visual search task while they were distracted by (a) high social reward apps 
(e.g., Facebook app icon + notification sign), (b) low social reward apps (e.g., 
Facebook app icon), and (c) no social reward apps (e.g., Weather app icon). 
We expected that high social reward app icons would slow down search, 
especially when people were deprived of their smartphones. Surprisingly, high 
social reward (vs. low or no social reward) apps did not impair visual search 
performance, yet in a survey (N = 158) participants indicated to perceive these 
icons as more rewarding. Our results demonstrate that even if people perceive 
social smartphone apps as more rewarding than nonsocial apps, this may not 
manifest in behavior.
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SOCIAL SMARTPHONE APPS DO NOT CAPTURE ATTEN-
TION DESPITE THEIR PERCEIVED HIGH REWARD VALUE

Smartphones are thought to be pervasive sources of distractions, defined 
as performance decrements after the onset of task-irrelevant stimuli (Rusz, 
Bijleveld, & Kompier, 2018). Indeed, increasing experimental evidence shows 
that smartphones impair cognitive performance (Chein, Wilmer, & Sherman, 
2017). For instance, hearing a phone ring (Shelton, Elliott, Eaves, & Exner, 
2009), receiving notifications (Stothart, Mitchum, & Yehnert, 2015), or even 
the mere presence of a smartphone (Thornton, Faires, Robbins, & Rollins, 
2014; Ward, Duke, Gneezy, & Bos, 2017) had a negative effect on sustaining 
attention on a main task (but see also Johannes, Veling, Verwijmeren, & 
Buijzen, in press). In line with such an impairment in maintaining attention, 
Kushlev, Proulx, and Dunn (2016) found that people report more difficulties to 
concentrate on their tasks when they enable (vs. disable) notifications. Taken 
together, there is growing experimental evidence that smartphones appear 
to harm productivity. However, the underlying psychological mechanism 
of these performance decrements remains unknown. Understanding this 
mechanism is crucial, as it can advance theory on the effects of smartphones 
on performance and inform policy makers on how to deal with smartphone 
use, for instance in school or work contexts.

Previously, smartphone distractions have predominantly been explained 
as a stimulus-driven mechanism. From this perspective, impairments in 
performance happen because people are distracted by an external source 
(e.g., notifications, ringing phone). However, such a perspective does not 
explain why a smartphone notification should have a stronger effect than 
any other external stimulus (e.g., a loud tone). Instead, people are not 
only influenced by external cues, but also driven by current motivational 
states (Botvinick & Braver, 2015). Therefore, beyond external sources, 
smartphone distractions can be explained by a motivational drive to seek 
social rewards.

In line with this idea, it is plausible that smartphones distract people from their 
tasks because they carry social reward to the user and the user is motivated to 
attain that reward despite disengaging from another task (Oulasvirta, Rattenbury, 
Ma, & Raita, 2012). According to Bayer, Campbell, and Ling (2015), because 
people have an innate need for social contact and belonging (Baumeister & 
Leary, 1995; Deci & Ryan, 2000), they use the predominantly social features of 
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smartphones such as WhatsApp or Facebook. Through repeatedly meeting their 
social needs on those apps, users form an association between social reward and 
their smartphones. Thus, users are first motivated to attain social rewards through 
their smartphones. Once this connection is established, smartphone cues, such as 
receiving a notification, may automatically attract attention and trigger checking 
habits. In sum, Bayer and colleagues (2015) assume that the distracting potential 
of smartphones is due to their rewarding nature.

Although this account appears plausible, there are no direct tests of a smartphone 
cue-reward association. As of now, most research relies on indirect tests. For 
instance, there is evidence that smartphone symbols are associated with positive 
affect (van Koningsbruggen, Hartmann, Eden, & Veling, 2017) and can prime 
relationship-related concepts (Kardos, Unoka, Pléh, & Soltész, 2018). Additionally, 
there is ample cross-sectional evidence demonstrating that users themselves 
report that they obtain social gratification from social apps (Ishii, Rife, & Kagawa, 
2017; Jung & Sundar, 2018; Karapanos, Teixeira, & Gouveia, 2016). Thus, even 
though several studies have addressed the idea that smartphones are associated 
with high social rewards, there is no direct empirical test of this mechanism.

On a fundamental level, value-driven attention (for a review see Anderson, 
2016) provides a well-established cognitive framework that can explain reward 
associations, including those with one’s smartphone. As people, by nature, are 
reward-seeking organisms (Braver et al., 2014), attention prioritizes information that 
signals reward (Chelazzi, Perlato, Santandrea, & Della Libera, 2013). Recent work 
shows that this prioritization process operates even when information is entirely 
task-irrelevant, which leads to disengagement from the task at hand (Anderson, 
Laurent, & Yantis, 2011a; Rusz et al., 2018). In a series of studies (Anderson et al., 
2011a; Anderson, Laurent, & Yantis, 2011b; Le Pelley, Pearson, Griffiths, & Beesley, 
2015; Theeuwes & Belopolsky, 2012), participants first learned to associate an 
arbitrary stimulus feature (e.g., color) with high or low monetary rewards. Later, 
they engaged in a visual search task where these colored stimuli appeared as 
nontargets that needed to be ignored. Results show that distractors associated 
with high (vs. low) monetary rewards significantly slowed down visual search. This 
means that reward-associated distractors gain high attentional priority (i.e., become 
more salient) and therefore capture visual attention (Hickey, Chelazzi, & Theeuwes, 
2010). This mechanism of learning to associate rewards with certain stimuli could 
explain how reward associations take place in smartphone settings.
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Value-Driven Attention and Smartphone App Icons

Applying a value-driven attentional mechanism to a smartphone scenario, it is 
plausible that certain smartphone features (e.g., app icons) have been associated 
with social rewards through repeated use. Consequently, these features gain 
attentional priority and therefore attract attention and eventually harm visual 
search performance. As the major part of social interaction on smartphones 
happens via apps, we assume that app icons carry social reward to the user. For 
instance, social apps (e.g., Facebook, WhatsApp), particularly with a notification 
sign, should be associated with high social reward, as notifications usually convey 
social validation, such as friends liking a picture or friend requests (Reich, Schneider, 
& Heling, 2018). Conversely, nonsocial apps (e.g., Weather, Calculator) should not 
carry social rewards as they are not used for social purposes. So, analogous to the 
value-driven attention account, we expect that social app icons should similarly 
attract attention and therefore slow down visual search. Therefore, we predict that 
low social reward distractors (social app icons) and high social reward distractors 
(social app icons with a notification) result in slower reaction times compared to no 
reward distractors (neutral app icons; H1a-b), and that high social reward distractors 
result in slower reaction times than low social reward distractors (H1c).

In addition, it is well-established that deprivation of rewarding experiences 
strengthens the motivation to obtain these experiences (Seibt, Häfner, & Deutsch, 
2007). For example, depriving participants of food led to a higher reinforcing 
value of the food compared to not hungry participants (Epstein, Truesdale, 
Wojcik, Paluch, & Raynor, 2003). Similarly, it is common practice to assess the 
true value participants assign to food after a fasting period (e.g., Chen, Veling, 
Dijksterhuis, & Holland, 2016). In the case of smartphones, if social apps truly are 
rewarding, the appeal of social apps, similar to food, should be stronger for those 
who have been deprived of using these apps. Evidence for such a position comes 
from studies showing that phone separation is associated with strong emotional 
reactions (Hoffner & Lee, 2015), leads to anxiety (Cheever, Rosen, Carrier, & 
Chavez, 2014), impairs cognitive control (Hartanto & Yang, 2016), and results in 
physiological stress reactions (Clayton, Leshner, & Almond, 2015). Consequently, 
the reward value associated with app icons should be particularly high, and 
hence distracting, when participants are motivated to use these apps. We thus 
hypothesize that all main effects of distractor are stronger for users who have 
previously been deprived of their phones compared to a control group (H2).
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This set-up enables us to exclude alternative explanations: If we indeed find 
the expected pattern for distractor, (a) low and high social reward distractors 
might capture attention merely because the social apps are more familiar to 
participants, given that they are used more; (b) high social reward distractors 
might capture attention more than low social reward distractors because of the 
red color of the notification sign. Therefore, only if the effect is amplified in the 
deprivation condition can we conclude that apps indeed carry reward for users, 
above and beyond the possible effects of familiarity and color.

To test our hypotheses, we adapted the visual search task introduced in 
Anderson et al. (2011b). We chose this paradigm for two reasons. First, it is a 
well-established method to assess the effect of reward-associated distractors 
on attention (for reviews see Anderson, 2016; Failing & Theeuwes, 2017; Le 
Pelley, Mitchell, Beesley, George, & Wills, 2016). Second, the visual search 
task represents a good approximation of smartphone distractions in real life 
scenarios. For instance, consider a student who has to write a paper, but the 
Facebook notification sign repeatedly captures their attention.

We deviated from the original paradigm in two major aspects. First, we omitted 
the reward learning phase from the current study because we assumed that 
people learned to associate social rewards with smartphone app icons through 
repeated exposure in everyday life. Therefore, we only used the testing phase of 
the original paradigm. Second, in order to increase ecological validity, we used 
smartphone app icons as distractors. By using real-life icons, we followed recent 
studies which show that more complex visual information, such as pictures of 
people or scenery, can also be associated with rewards (Failing & Theeuwes, 
2015; Hickey, Kaiser, & Peelen, 2015).

Thus, in the current study, participants were instructed to find the target 
while they were distracted by app icons that were associated with high 
social rewards, low social rewards, or no social rewards. In the original 
paradigm, the rewarding nature of stimuli is reflected in impaired visual 
search. Consequently, the visual search task paradigm provides us with a 
test of the proposed smartphone-reward association: If social smartphone 
cues are indeed more rewarding than neutral smartphone cues, they, like 
other rewarding stimuli, should impair visual search. In other words, impaired 
visual search performance serves as an indicator of the reward associated 
with smartphone cues.
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STUDY 1

METHOD

Preregistration and Data Availability 

We preregistered hypotheses, sample size, inclusion and exclusion 
cr iter ia, and statistical analyses (ht tps://osf.io/36yqe/?view_
only=9e2e62f8f2954ebc92f585d00266afb1). Our preregistration, experimental 
materials, data, and analysis are available on the Open Science Framework 
(https://osf.io/g8kbu/?view_only=9551866a2cc143ad8246e0245826b480).

Participants

As power calculations are not entirely straight-forward for linear mixed-effects 
models (Scherbaum & Ferreter, 2008), we preregistered a rather conservative 
sample size. Therefore, we recruited 120 students from a Dutch university. We 
had four inclusion criteria: First, participants needed to have normal or corrected 
to normal vision. Second, students needed to own an iPhone. This ensured the 
icons we used as distractors would be identical to those that participants use on 
their iPhones every day. Icons are standardized across iOS compared to Android, 
where icons often differ between devices due to the open source nature of 
the Android OS. Third, as people under 25 report the highest smartphone use 
(CBS, 2018; Pew Research Center, 2017), our participants had to be younger than 
25 years. Fourth, participants had to have the five distractor apps Facebook, 
Facebook Messenger, Instagram, Snapchat, and WhatsApp installed on their 
iPhone and they had to be frequent users of these apps for at least two years. 
These criteria were meant to ensure that reward learning had taken place, that 
is, stimulus features had been paired with the delivery of (social) rewards (Le 
Pelley et al., 2016): Using these five social apps frequently plausibly has led to an 
established association of social rewards with visual features of these apps.

Following our preregistered exclusion criteria, we excluded three participants as 
they did not reach 70% accuracy on the task. Thus, the final sample consisted of 
117 students (59 in the control and 58 in the deprivation condition; 106 females, 
Mage = 20.85, SDage = 1.88). Participants were compensated with monetary 
rewards in the form of a gift voucher (€5 or €10) or course credits. The study 
had IRB approval and all participants gave informed consent.
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Design

We employed a mixed design with deprivation as a between-subject independent 
variable (2 levels: deprivation group vs. control group), app distractor icon as a 
within-subject independent variable (3 levels: high social reward vs. low social 
reward vs. no social reward) and response time (RT) as dependent variable.

Procedure

We randomly assigned participants to either the deprivation or the control 
condition. In the deprivation condition, we asked participants to come to the 
lab one hour before the experiment to hand in their iPhone, which we locked 
away in a drawer. Then, we told participants that they were free to go about 
their day within the next hour, but asked them not to engage in any social 
media activity until the experiment started. After one hour, they came back 
and performed the task (see below). After the task they received their phone. 
In the control condition, participants came to the lab at their assigned time slot 
and directly performed the task.

Before starting the task, participants reported demographics (age and 
gender). In order to assess whether our deprivation manipulation indeed 
led to an increased motivation to use their smartphones, participants then 
answered a short manipulation check on a 1 (not at all) to 100 (extremely) 
visual analogue scale (“Right now, to what extent do you feel an urge to check 
your phone?”). Then, they performed the visual search task. Finally, after 
finishing the task, participants reported a second manipulation check, namely 
whether they had seen 20 apps (ten of which were used in the experiment) 
during the course of the visual search task. With this question, we tested 
whether participants actually processed the distractor app icons throughout 
the visual search task.

Visual Search Task

We designed a visual search task based on Anderson et al. (2011b). Participants 
were seated about 50 cm from a monitor with a resolution of 1920x1080 pixels. 
On each trial, participants first saw a fixation cross with a visual angle of 0.5°, 
then six shapes organized in an imaginary circle with a visual angle of 10°; 
each shape had a visual angle of 3.45°; last, participants were presented with 
a performance feedback display (see Figure 6.1).
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Figure 6.1. Trials in the experiment. Examples of (A) high social reward distractor trial, (B) 

low social reward distractor trial, and (C) no social reward distractor trial.
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Among these six shapes, there was always one unique shape, which was defined 
as the target (i.e., a circle among diamonds or a diamond among circles). Each 
nontarget shape contained a black line tilted by 45°. The target shape always 
contained either a horizontal or vertical black line. On all trials, there was a 
distractor app icon embedded (1.73° visual angle) in one of nontarget shapes, 
on top of the tilted lines.

These distractor app icons represented three levels of social rewards 
(high, low, and no social rewards, see Figure 6.2). On the high social 
reward distractor trials (see Figure 6.2A), there was a social app icon with a 
notification sign (Facebook, Facebook Messenger, Instagram, WhatsApp, 
and Snapchat) within one of the nontarget shapes. We chose these apps 
because they are the most commonly used social apps. The red notification 
was identical to the one used on iOS. On the low social reward distractor 
trials (Figure 6.2B), there was a social app icon (i.e., same icons without 
the notification sign) within one of the nontarget shapes. As stated above, 
these apps are mainly used for social purposes – so we assumed they 
represent social reward to people, but less than these same apps with the 
certainty of a notification sign. Finally, on the no social reward distractor 
trials (Figure 6.2C), there was a neutral app icon (Weather, Settings, Notes, 
Clock, and Calculator) within the nontarget shapes. We chose these 
specific icons as they are pre-installed on every iPhone, so iPhone users 
most likely encounter them often enough; yet, they are never used for 
social purposes, so we assumed that participants could not have possibly 
associated social rewards with any of the neutral app icons. The target shape 
never included any distractors (i.e., icons). Target and distractor location 
were randomly determined; distractor app icon and the unique shape were 
counterbalanced.

Participants were instructed to search for the target, which was always defined 
as the unique shape in the search display, and report whether the line within 
the target shape was horizontal or vertical, by pressing the “z” and “m” keys 
(counterbalanced). The experiment consisted of 480 trials: 120 trials (25%) 
contained a high social reward distractor, 120 trials (25%) contained a low 
social reward distractor, and 240 trials (50%) contained a no social reward 
distractor. Before the task, participants did 24 practice trials. After each 96 
experimental trials, participants could take a short break. The task took ~ 35 
minutes to finish.
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Figure 6.2. Stimuli used in the experiment. (A) social app icons with a notification sign 

represent high social rewards. (B) social app icons represent low social rewards. (C) neutral 

app icons represent no social rewards.

Data Analysis

We conducted all of our analyses in R (version 3.5.0, R Core Team, 
2018). In line with our preregistration, we tested our hypotheses using 
a linear mixed-effects modeling approach using the lmer function (lme4 
package; version 1.1.17; Bates, Maechler, Bolker, & Walker, 2015). We aimed for a 
‘maximal’ random effects structure as advocated by Barr, Levy, Scheepers, and 
Tily (2013) to avoid inflated Type-1 errors. Accordingly, our model predicting 
response time included two random intercepts; a per-participant random 
intercept to account for the repeated-measures nature of the data and a per-
app icon random intercept to account for any additional variance in response 
time caused by the specific app icons included in our study. We modeled the 
within-subject predictor distractor as fixed effect and as random slope varying 
across participants. We modeled the between-subject predictor condition as 
fixed effect and as random slope varying across app icons.

To determine p-values, we preregistered to compute Type III bootstrapped 
Likelihood Ratio Tests using the mixed function (afex package; version 0.20-2.;  
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Singmann, Bolker, Westfall, & Aust, 2018). However, this analysis led to several 
convergence warnings that persevered after the recommended troubleshooting 
steps. Thus, we followed recent recommendations by Luke (2017). Based 
on simulations, he compared several approaches to evaluating significance 
in mixed-effects models, and concluded that F-tests with Satterthwaite 
approximation for degrees of freedom are the most appropriate to control 
Type 1 error rates. Thus, we opted for this approach instead (also using the 
mixed function), which resulted in no convergence warnings.

RESULTS

Manipulation Checks 

Directly before starting the visual search task, participants in the deprivation 
condition reported a higher urge to check their smartphone (M = 51.81, 
SD = 21.20) than participants in the control condition (M = 32.28, SD = 27.15), 
t(111.44) = -4.39, p < .001, d = .80. At the end of the experiment, participants 
correctly classified whether or not they had seen 20 different app icons (ten of 
which we used as distractors) with an accuracy of 84%, indicating that they did 
process the distractors during the search task.

Preregistered Analyses 

In line with our preregistration, we excluded any trial on which (a) the RT was 
below 300ms (< 0.01%) and (b) the RT was ± 3 SDs from the participant’s mean 
(0.01%). For the analysis, we also excluded all inaccurate trials. Participants 
were accurate on 92% of the experimental trials. Across all remaining 
experimental trials from all participants (N = 51083) mean response time was 
676.46ms (SD = 81.17).

The main effect of distractor was not significant, F(2, 13.49) = 0.90, p = .428. 
Participants’ response time did not significantly differ between high social reward 
distractors (M = 678.82, SD = 83.11), low social reward distractors (M = 676.52, 
SD = 82.06), or no social reward distractors (M = 675.26, SD = 81.28). To our surprise, 
the main effect of condition was significant, F(1, 114.99) = 4.00, p = .048. Overall, 
participants in the deprivation condition (M = 661.61, SD = 76.17) responded faster 
than participants in the control condition (M = 691.06, SD = 83.88), irrespective 
of the type of distractor presented on any given trial. Last, the interaction effect 
of distractor and condition was not significant, F(2, 348.63) = 2.59, p = .076. To 
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investigate whether there was indeed no interaction effect and to better understand 
our data, we tested the main effect of distractor in both conditions separately. 
The main effect of distractor was neither significant in the control condition, F(2, 
16.54) = 1.18, p = .33, nor in the deprivation condition, F(2, 16.18) = 2.56, p = .11. 
Taken together, the effect of distractor did not significantly differ between the 
deprivation condition and the control condition. A visualization of the raw data 
associated with our analysis can be found in Figure 6.3.

Figure 6.3. Violin plots of response times per distractor and condition. Triangles represent 

mean response times (in ms).

Bayesian Follow-Up Analyses

A major limitation of our frequentist model is that it cannot quantify evidence for the 
null hypothesis. Therefore, to investigate to what extent our data support the lack of 
an effect, we conducted a Bayesian repeated-measures ANOVA with the anovaBF
command (BayesFactor package; version 0.9.12-2; Morey & Rouder, 2015). The 
model employed the default Cauchy distribution for the prior. The Bayes Factors 
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associated with our predictors can be found in Table 6.1. Comparing a model with 
the main effect of condition to the null model yielded inconclusive evidence, as 
the data were 1.63 times more likely under the null model without the effect of 
condition (BF10 = 0.61). On the one hand, the Bayesian ANOVA does not allow an 
analysis as fine-grained as the frequentist mixed model, as it does not include a 
per-icon random intercept and random slope of condition. On the other hand, 
p-values close to the cut-off of α = .05 often do not represent much evidential 
value (Benjamin et al., 2018), which is further illustrated by the Bayes Factor we 
obtained. The Bayesian analysis of the main effect thus shows that we should 
interpret the significant main effect of deprivation with caution.

In addition, supporting the nonsignificant effect of distractor, there was strong 
evidence that the data were much more likely under a null model compared 
to a model with the effect of distractor (BF01 = 755). The same holds for the 
interaction effect, which was not supported compared to a model with the two 
main effects (BF01 = 155).

Table 6.1. Results of Bayesian follow-up analysis

Effect BF

Condition 0.612712

Distractor 0.001325

Condition + Distractor 0.000777

Condition + Distractor + Interaction 0.000005

Exploratory Analyses 

In order to follow up on the unexpected main effect of condition, we investigated 
whether there was a speed-accuracy tradeoff. A maximal generalized mixed-
model with accuracy as the dependent variable did not show a significant effect 
of condition (χ2(1) = 0.0, p = .99). Supporting the lack of an effect, a Bayesian 
contingency table showed strong support for the lack of a difference between 
the conditions (BF01 = 167). We conclude that there was no speed-accuracy 
tradeoff, and that participants in the deprivation condition indeed performed 
better (faster while equally accurate).
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DISCUSSION

Contrary to our expectations, high social reward apps did not slow down 
visual search compared to low or no social reward apps, neither in the 
smartphone deprived, nor in the control condition. Based on prior work 
we assumed that different apps would have different levels of reward 
associated with them (e.g., Bayer et al., 2015; van Koningsbruggen et 
al., 2017). However, one possible explanation for this null effect is that 
social apps were not perceived as more rewarding than neutral apps. In 
fact, unlike in the original study series on value-driven attention, we did 
not directly manipulate stimulus-reward associations. In the original task, 
participants go through an extensive reward training, in which arbitrary 
stimuli, such as color, become associated with the delivery of monetary 
rewards. Consequently, these reward-associated stimuli slow down visual 
search; that is, impairment of visual search is an indicator of attentional 
capture by the reward of the stimuli. However, in our application of this 
paradigm we did not manipulate reward, but assumed the reward value of 
apps had been established in real life, through repeated use prior to the 
experiment. The lack of an effect on visual search speed might then either 
reflect that the stimuli are not rewarding, or that they are rewarding, but not 
rewarding enough to cause differences in attentional capture. Due to the 
design of Study 1, we cannot be certain that participants indeed perceived 
social apps as more rewarding than nonsocial apps. Therefore, we need 
to establish whether our reward manipulation was effective after all to rule 
out the alternative explanation that the app categories were not different 
in their associated reward.

To address this possible alternative explanation for the null effect of reward-
associated distractors, we conducted a survey where participants rated 
all 15 apps we used during the experiment on how rewarding they found 
them. We expected that, if the three levels were truly to manipulate social 
reward, we should at least be able to detect a difference on how people 
themselves perceive these different apps. Accordingly, we hypothesized 
that high social reward apps would be rated higher than both low social 
reward apps and no social reward apps. In addition, we expected low 
social reward apps to receive higher ratings than no social reward apps.
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STUDY 2

METHOD

Preregistration and Data Availability 

We preregistered hypotheses, sample size, inclusion and exclusion 
cr iter ia, and statistical analyses (ht tps://osf.io/s3npg/?view_
only=9360f2b6a98f49dca71b0ee32ea43cbb). The preregistration, 
experimental materials, data, and analysis are available on the Open 
Science Framework project of this article (https://osf.io/g8kbu/?view_
only=9551866a2cc143ad8246e0245826b480).

Participants

Because we expected an experimental manipulation to induce at least a 
medium-sized effect (ηp

2 = .05) on a manipulation check, we aimed to obtain 
95% power to detect an effect of at least that size at α = .05 for the main effect 
in a repeated-measures ANOVA. Thus, we preregistered to recruit 160 (150 
needed for 95% power plus ten to account for exclusions) valid responses on 
the online platform Prolific. We counted those submissions as valid that passed 
an attention check (see below), as Prolific lets researchers resample participants 
if a participant fails an attention check.

We aimed to obtain a sample as similar as possible to our sample in Study 1. 
Overall, 252 participants from the UK between the ages of 18 and 25 opened the 
survey. All participants were screened and had to currently own an iPhone and 
have used an iPhone for at least the past two years. Furthermore, participants had 
to have the five social apps from Study 1 installed and had to have used them for 
at least the past two years. In addition to these inclusion criteria, we preregistered 
several exclusion criteria. First, 52 participants were excluded because they did 
not finish the survey. Second, of the remaining 200, 40 did not pass an attention 
check (see Procedure). Third, we excluded two participants who indicated that 
they were older than prescreened by Prolific. No participant fulfilled our fourth 
exclusion criterion of having a variance of zero across all rated apps, or our fifth 
exclusion criterion of spending less than 30 total seconds on the 15 apps to rate 
(Mseconds = 72, SDseconds = 31). Thus, the final sample consisted of 158 participants 
(Mage = 21.56, SDage = 2.40) of which 110 were female (70%).
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Procedure

Participants were informed that the aim of the study was to find out how people 
experience different apps. In particular, participants were informed that they were 
to rate different apps on how rewarding they find them. To make clear what we 
meant with rewarding, we provided several clarifications (e.g., feeling happy when 
using the app, feeling a strong need to use it, liking the app). To avoid participants 
overthinking their responses, we instructed them to respond promptly, based on 
their immediate thoughts about each app. To avoid confusion about the difference 
between a high social reward app (i.e., a social app with a notification sign) and 
a low social reward app (i.e., the same social app without a notification sign), we 
instructed participants that the apps would sometimes have a notification sign and 
that they should treat the app as if they saw it in that form on their own phone. 
Because understanding the task instructions was crucial to accurately rate the 
apps, we implemented two measures to ensure participants properly read the 
instructions. First, going to the next page was only possible after 20 seconds. 
Second, at the end of the task description, we instructed participants to select 
“No” to proceed to the task as an attention check.

Participants then proceeded to rate all 15 stimuli used in Study 1 on the 
question “How rewarding do you find this app?” on a visual analogue scale 
ranging from -100 (not at all) to 100 (very much). Presentation order of the 
apps was randomized. The entire survey, on average, took about three minutes 
(Mseconds = 185, SDseconds = 71) and participants received £0.50. The study had 
IRB approval and all participants gave informed consent.

RESULTS

We conducted a repeated-measures ANOVA with app category (within: high 
social reward vs. low social reward vs. no social reward) as predictor and ratings 
of how rewarding participants found those apps as outcome. As the assumption 
of sphericity was violated (W = .30, p < .001), we report the F-statistic with 
Greenhouse-Geisser correction. The main effect of category was significant 
and large, F(1.18, 184.75) = 150.77, p < .001, ηG

2 = .32. The strength of evidence 
for an effect of category was further supported by a Bayesian repeated-
measures ANOVA with the standard Cauchy prior (BF10 = 1.63e+107). To test 
our predicted contrasts we conducted three post-hoc two-tailed paired t-tests 
without correction for multiple testing, as correction for multiple testing is not 
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necessary for designs with only one factor with three levels. We present paired 
Bayesian t-tests alongside the frequentist results.

Figure 6.4. Distribution of how rewarding participants rated the three categories of apps. 

Triangles represent mean ratings.

In line with our predictions, high social reward apps (M = 36.99, SD = 33.18) 
received significantly higher ratings than low social rewards apps (M = 25.46, 
SD = 34.31), t(157) = 7.61, p < .001, BF10 = 3.06e+09, dz = 0.61, and significantly 
higher ratings than no social reward apps (M = -22.00, SD = 43.48), 
t(157) = 13.20, p < .001, BF10 = 1.15e+24, dz = 1.05. In addition, low social 

reward apps received significantly higher ratings than no social reward apps, 
t(157) = 11.64, p < .001, BF10 = 7.36e+19, dz = 0.93. The residuals within each 
condition were roughly normally distributed and the results were robust to 
removal of outliers. A visualization of the raw data associated with our analysis 
can be found in Figure 6.4.

GENERAL DISCUSSION

The goal of the current study was to test whether smartphone distractions stem 
from the high social rewards associated with smartphone apps. Participants 
engaged in a visual search task while they were distracted by smartphone 
app icons. Although we show that participants perceive social apps as more 
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rewarding than neutral apps, that perceived reward did not impair performance 
in a visual search task. Also, depriving participants of their smartphone did not 
amplify such an effect. However, surprisingly, participants who were deprived 
of their smartphones performed better. In short, these results suggest that 
even if people perceive social apps as more rewarding than nonsocial apps, 
being exposed to these apps as distractors does not influence performance on 
a visual search task. However, there are several alternative explanations, both 
theoretical and methodological, for our findings.

One possible alternative explanation for the lack of an effect of the three app 
groups is that participants did not perceive social apps as more rewarding 
than neutral apps. Instead of manipulating reward, as is common with the 
visual search paradigm, we assumed that users repeatedly obtain social 
validation and gratification from social apps (Karapanos et al., 2016; Reich 
et al., 2018), such that they would learn to associate social reward value with 
these apps. Therefore, we expected that social app icons, particularly those 
with a notification sign, gained their reward value in everyday life and should 
be as powerful as a controlled reward training phase in the lab. To provide 
evidence for this line of reasoning, Study 2 showed that people themselves 
report social apps to be more rewarding than neutral apps, especially if social 
apps have a notification sign. Importantly, the effect we obtained was large. 
As a consequence, we can be more confident that the lack of an effect is not 
due to a failed manipulation of reward.

That being said, there are several caveats to this objection which do not allow to 
draw a clear conclusion from our behavioral data regarding the reward value of 
apps. First, Study 1 and Study 2 were run on different samples, albeit matched 
on demographics. Technically, insights from the ratings in Study 2 might not 
apply to participants in Study 1. In addition, although we show a difference in 
how the different app sets (i.e., high, low, and no social reward) are perceived, 
these ratings are relative to each other. We cannot be certain a social app with 
a notification sign does truly feel rewarding -- or just more rewarding compared 
to a neutral app, which might not feel rewarding at all. As such, the relative 
difference in perceived reward value might not manifest itself on a behavioral 
level because, in absolute terms, the reward associated with apps is not large 
enough to attract attention (Potter, 2011).

Furthermore, we did not have a no-app control condition. Such a control 
condition would be informative by testing whether all apps, regardless of their 
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perceived value, slow down visual search. Similarly, implementing a control 
condition with an arbitrary symbol (e.g., a symbol similar in shape to app 
icons) as distractor could provide a test whether app icons attract attention 
above and beyond any other distractor. This view aligns with the lack of an 
interaction between app icons and the deprivation manipulation. We predicted 
that social apps would be particularly distracting if users had been deprived 
to access them (Epstein et al., 2003; Seibt et al., 2007). Yet our data show that 
deprivation did not affect whether participants were more or less distracted 
by different apps. The lack of an interaction provides additional evidence for 
the explanation that perceived reward did not manifest itself on a behavioral 
level. Future research could consider using a no-reward control condition, an 
arbitrary symbol control condition, or even contrast apps with the low and 
high monetary reward condition used in the original paradigm (Anderson et 
al., 2011b) to test such a proposition.

Our findings echo work demonstrating that people’s perception about 
smartphones do not necessarily translate to behavior. For instance, Johannes 
et al. (in press) found that receiving a notification during a cognitive control 
task did not impair performance despite participants reporting to find the 
notification highly distracting. In a similar vein, other studies found that people 
are not good estimators of their own smartphone or internet use (Ellis, Davidson, 
Shaw, & Geyer, 2018; Scharkow, 2016). Taken together, these findings suggest 
that there might be a gap between what people themselves report about the 
distractions of their smartphones and the actual behavioral impairment these 
devices exert on them.

Our null findings have another potential explanation. For instance, in our 
experiment, we presented app icons in complete isolation from their usual 
context, which may have reduced their reward value altogether. Drawing from 
the theory of grounded cognition (Barsalou, 2009), experiences are stored 
in people’s mind within a complex structure of sensory input, cognitions, 
affective states, and situational cues. It is possible that drawing a specific cue 
from such a rich, situated experience reduces the value of that cue. It is likely 
that it is only in their real-life context that smartphone apps represent social 
reward, because context is part of the reward value-association. Consequently, 
participants might explicitly evaluate app icons as rewarding if there is no 
time pressure and they can imagine the icons within the context of their own 
phones, as in Study 2. In contrast, when these app icons get isolated from their 
real context in the lab, they may not affect attention (Best & Papies, 2017). 
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Thus, the lab situation may not be appropriate for behaviorally measuring 
reward associations with smartphone apps. Supporting this reasoning, it has 
been shown that other types of rewards, such as food, are often stored in 
memory in terms of situations, for instance, where people eat them (e.g., 
popcorn is associated with cinema) and whom people eat those foods with 
(e.g., family events; Papies, 2013). Future research could address this issue by 
measuring smartphone distractions in their natural context, for example, on 
people’s own smartphones.

In sum, our results suggest that social app icons do not impair visual search. 
Given that social apps are rated as more rewarding outside of the lab, the lack 
of an effect of these apps on attention could be due to a loss of associated 
reward when taken out of context or insufficient absolute reward levels.

To our surprise, we found that participants who had locked away their phone 
an hour prior to the experiment were overall faster on the visual search task 
than participants who had not locked their phone away. However, this effect 
should be interpreted with caution for several reasons. First, we did not 
predict nor preregister a main effect of the deprivation condition. As such, 
the effect needs to be regarded as exploratory until independently replicated. 
Second, the p-value for the main effect of deprivation was extremely close 
to the alpha-level and many scholars argue that p-values of that size have 
limited evidential value (Benjamin et al., 2018). Our Bayesian analysis supports 
a need for caution regarding the effect, as the Bayes Factor in favor of the 
effect was inconclusive. Third, given the complexity to calculate power for 
our analysis, we cannot be certain we had sufficient power to detect a main 
effect. As a consequence, it is possible that our design was underpowered 
for the main effect, which is problematic for several reasons. Most important, 
underpowered studies that yield a significant estimate will necessarily 
overestimate the true effect size (Vasishth, Mertzen, Jäger, & Gelman, 2018). 
Thus, we can only reiterate that the surprising main effect of deprivation 
requires high-powered, preregistered replication.

Last, we cannot exclusively attribute the effect to phone deprivation, as there 
was more than one difference between the non-deprived and the deprived 
group. Whereas participants in the non-deprived group came to the lab and 
immediately did the visual search task, participants in the deprived group came 
to the lab one hour earlier to lock away their phone and were free to do as they 
pleased during the one hour of deprivation, except for checking social media. 
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Consequently, those deprived participants had one more contact point with 
the researchers and there was no control over what they did during the hour 
of deprivation. This difference might present an alternative explanation for the 
main effect: For instance, all participants were informed in the recruitment text 
for Study 1 that some of them might have to lock away their phone. Thus, at the 
point of locking away their phones participants in the deprived group could 
easily deduct that they were in the experimental condition. This knowledge 
might have induced reactance in the form of motivation to show that they 
could still perform well without their phones. Future research employing such 
a deprivation manipulation should consider having all participants come to the 
lab an hour prior to the task.

That being said, if we assume that the effect reflects a true difference between 
the conditions, regardless of possible confounding factors, it is plausible that 
locking participants’ smartphones away increased their motivation, which 
resulted in better performance. The idea that participants could get their 
smartphone back and access its social rewards when they were done with 
the task may have motivated them to perform faster. In other words, being 
able to check their social media and their messages after 1.5 hours may have 
acted as an incentive that they could receive at the end of the experiment 
(Aarts, Custers, & Veltkamp, 2008). In line with such a view, participants in 
the deprivation condition indeed reported a higher urge to check their 
phones. Interestingly, this improvement in speed did not come at the cost of 
performance, as accuracy was almost identical across the two conditions. Such 
an interpretation corroborates the well-established idea that incentives boost 
cognitive performance (Botvinick & Braver, 2015). Another account suggests 
that removing the smartphone as a distractor may have resulted in better 
performance, as smartphones have been shown to impede attention (Stothart 
et al., 2015; Thornton et al., 2014; Ward et al., 2017).

Regardless of whether our data support a positive effect of deprivation or no 
effect, at the very least our findings stand in contrast to previous experiments, 
where participants who were separated from their phones performed worse on 
cognitive tasks (Hartanto & Yang, 2016). These studies argue that smartphone 
separation increases anxiety (Cheever et al., 2014), which in turn leads to worse 
task performance. In light of these findings, our results are quite surprising 
and, when replicated, may have important implications. On the one hand, 
this apparent discrepancy might result from the difference in manipulations 
between studies. Whereas previous work deprived students of their phones 
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strictly during the tasks, participants in our experiment were deprived both 
before and during the task. On the other hand, previous work also showed 
that anxiety due to phone separation rose with time (Cheever et al., 2014); if 
anything, increasing the deprivation duration should have had an even stronger 
negative effect on performance. Even taking into account our methodological 
concerns surrounding the effect of deprivation, there is a clear need for 
more research addressing this inconsistency. Doing so is of importance, as 
many policy makers, for example in schools, base their policies on findings 
demonstrating a detrimental effect of smartphones.

Overall, according to our findings, app icons are perceived as rewarding, 
but they do not capture attention and therefore do not distract participants 
from their task. Moreover, being deprived of access to these apps might 
not always be detrimental. However, these conclusions are constrained to 
our specific study design, which is subject to several possible alternative 
explanations. Our findings highlight that investigating media effects is 
complex and requires thorough designs that take the context of smartphone 
stimuli into account. As such, we believe that the current inconsistencies in 
the literature warrant more highly powered, preregistered research before 
making recommendations to policy makers.
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GENERAL DISCUSSION

Nowadays, almost everybody owns a smartphone and interacts with it many 
times throughout the day. At this point, smartphone behavior is poorly 
understood from a psychological perspective. By conceptualizing the decision 
to look at the smartphone as a form of self-control, one can ask the following 
questions: How does the mind decide to disengage from a productive task 
(e.g., studying, working) to interact with the smartphone? More generally, how 
does the mind decide whether to continue to pursue labor or switch to leisure? 
And what role do aversive experiences such as fatigue and boredom play in 
this decision-making process? In this dissertation, I present several studies that 
advance our understanding of these questions. By adopting recent theoretical 
developments in social and cognitive psychology (Cohen et al., 2007; Inzlicht 
et al., 2014; Kurzban et al., 2013), we studied smartphone use as a high-value 
leisure alternative to labor, and its relations to aversive phenomenology.

This dissertation had four goals. The first goal was to describe smartphone 
use for work and for private purposes (i.e., for labor and leisure). The second 
goal was to understand smartphone use as a labor-to-leisure switch. The third 
goal was to test an implicit assumption of the motivational perspective on 
smartphone behavior – that interacting with one’s own smartphone is highly 
rewarding. Finally, the fourth goal was to conduct reproducible and replicable 
research along the way. In this final chapter, I discuss the progress made 
towards these goals, and integrate the empirical data presented in Chapters 
2 – 6. Finally, I will discuss the limitations of the presented research and future 
directions that can build on the work presented here, as well as cautiously 
formulate practical and theoretical implications of this work.

Goal 1: Describe smartphone use for work and private purposes

The first goal of this dissertation was to learn more about people’s smartphone 
use for work and private purposes on a descriptive level. To do so, we asked a 
large sample comparable to the Dutch full-time working population questions 
about their smartphone use as well as their work and private life.

This cross-sectional study is reported in Chapter 2. The findings made several 
important contributions to the psychological literature on smartphone use. 
First, we learned that most full-time working people in the Netherlands use 
their smartphone for work-related matters during their leisure time, but also 
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for private matters during their working time. While we know that people are 
not highly accurate when they self-report the frequency of their smartphone 
use (Kobayashi & Boase, 2012), we should be able to trust the general 
trend in the data. Thus, we do not know with certainty how much people 
actually use their smartphone after this study (it might be that participants 
over- or underreported their smartphone use), but the data clearly shows 
that a majority of full-time employees use their smartphone to switch from 
labor to leisure and from leisure to labor. This is an important contribution 
to the literature for several reasons. First, while previous research has been 
conducted on work-related smartphone use during leisure time, private 
smartphone use at work had been ignored. The fact that in our sample 
participants reported slightly more private use at work (compared to 
work-related use at home) highlights the importance to do research on 
smartphone labor-to-leisure switches as well. Second, given that previous 
research had been conducted with selective samples (e.g., employees that 
were given a smartphone by their employer), data from a representative 
sample of full-time employees was lacking. As a consequence, among the 
published literature this study provides the most accurate picture of how 
widespread context-incongruent smartphone use really is.

Comparing people that report to use their smartphone a lot (for both work-
related matters at home and private matters at work) with those that do not, 
the picture looks somewhat complicated. We want to highlight two important 
differences between these two user classes. First, participants who reported 
high smartphone use seem to value the possibilities provided by the smartphone 
more. They reported higher fear of missing out (FOMO), which is a personality 
trait reflecting a desire to constantly be connected with other people and their 
experiences (Przybylski, Murayama, DeHaan, & Gladwell, 2013). Based on our 
findings, it is possible that the smartphone helps people to satisfy this desire, 
especially with regard to their private life while at work, and their working 
life while at home. Second, participants who reported high smartphone use 
differed from those who did not in terms of how they characterize their job 
and their ability to manage their work and private life. They reported their job 
to be slightly more demanding, and that they have slightly more control over 
how to do their job. While this study does not allow for causal inferences, it 
is possible that the combination of high demands and high control enables 
and pushes people to make more use of their smartphone to keep a hold of 
their professional and personal lives. Generally, work psychologists consider 
jobs high in demands and control to be motivating and optimal for personal 

CompleteDissertation_DoraJonas_productie.indd   141CompleteDissertation_DoraJonas_productie.indd   141 14-08-2020   16:0814-08-2020   16:08



142

Chapter 7

development (De Jonge & Kompier, 1997). However, high smartphone users 
also reported lower psychological detachment from work during leisure time 
and (slightly) increased work-family conflict, highlighting the potential adverse 
correlates of frequent smartphone use.

Box 7.1. Goal 1: Main findings.

• Many people use their smartphone for work during leisure time, but also for 
private matters during working hours.

• High smartphone users differ from low smartphone users in terms of demographics 
(e.g., they are younger and more likely to be in a relationship) as well as perceptions 
of their work and private life (e.g., they report higher fear of missing out and lower 
psychological detachment from work).

Goal 2: Understand smartphone use as a labor-to-leisure switch

The second goal of this dissertation was to understand how the decision to 
interact with the smartphone is made, and how the experiences of fatigue and 
boredom relate to this decision-making process. We tested these questions in 
three sub-projects.

The first prediction related to this goal was that people are more likely to 
disengage from a task via the smartphone (i.e., to switch from labor to leisure) 
when more fatigued and/or bored. In Chapter 3, the data from all three 
laboratory experiments clearly suggested that fatigue predicts the switch from 
a productive task to the smartphone (from labor to leisure), corroborating earlier 
studies that found fatigue to predict task disengagement (Hopstaken et al., 
2015a; Hopstaken et al., 2016). While these previous studies measured the 
degree to which a participant is focused on a labor task, here we showed that 
people do not only gradually disengage from labor but completely switch 
over to leisure if given the opportunity when fatigued. In Chapter 4, we found 
further evidence for this prediction in the real world. Again, we found evidence 
that aversive phenomenology (here, fatigue and boredom) predicted people’s 
decision to subsequently interact with the smartphone. So, we found evidence 
for this idea both under controlled conditions in the lab and in the real world.

The second prediction was that people feel less fatigued and/or bored after 
interacting with their own smartphone (i.e., after engaging in leisure). Once 
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again, this prediction was clearly supported under controlled laboratory 
conditions in all three studies presented in Chapter 3. On average, participants 
recovered from the fatigue they accumulated over four minutes within a 2-minute 
smartphone (leisure) break. In the experience-sampling study described in 
Chapter 4, the results were contradicting the results from Chapter 3. Here 
we found that participants reported higher (rather than lower) fatigue (and 
boredom) after having used the smartphone (more).

I see several potential explanations for these contradictory results. These 
explanations are not mutually exclusive. First, the 2-back task is certainly 
more demanding than most real-life labor tasks, as people need to update 
their working memory continuously and make the decision whether or 
not to respond every 2 seconds. Thus, it is possible that participants in 
the lab were systematically more fatigued than participants during their 
working day, and that the leisure break is only recovering when people 
are highly fatigued. While it is difficult to directly compare the samples 
from the laboratory and the experience-sampling study, average fatigue 
levels in the lab (Chapter 3) were almost twice as high as during people’s 
working day (Chapter 4), providing tentative support for this idea. Second, 
the average duration of the smartphone breaks in the real world were 
shorter (i.e., 90 seconds over several smartphone interactions within 20-
minute time interval) than the smartphone breaks in the lab, which were 
fixed to be two minutes long (and chosen more frequently than every 20 
minutes). This would imply that people should consider taking fewer but 
slightly longer smartphone breaks during their working day, and use them 
strategically when they are highly fatigued and/or bored. This is something 
that could be addressed in future research. Third, the contradictory results 
could be due to the differences in samples and perceptions of labor. For 
the students in the lab, labor was confined to performing the 2-back task 
for 2 hours (minus the minutes they chose for leisure). On the other hand, 
for our experience-sampling participants labor was their regular work, 
which they have to perform multiple hours per day, five days a week. 
Thus, it could be that a 2-minute smartphone break was sufficient for the 
students to regain motivation for labor, but for the employees all it did 
was reinforce the value of leisure over labor. Fourth, it could be that the 
opportunity cost model simply does not make reliable predictions about 
behavior and phenomenology. However, before I favor this explanation, I 
would like to see a lot more research on this topic. Overall, I believe that 
our contradictory results are interesting and warrant further attention.
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The third prediction was that people get fatigued faster during labor the 
higher the value of interacting with their own smartphone (i.e., the higher 
the value of the leisure alternative), and that they get less fatigued during 
leisure the higher the value of interacting with their own smartphone (i.e., 
the higher the value of the leisure alternative). The experimental evidence 
for this prediction was mixed in Chapter 3. While we overall found little to 
no evidence for the idea that the opportunity costs influence the feeling of 
fatigue in our preregistered analyses, this may have had to do with the lack 
of strength of our manipulations. In Studies 2 and 3, we learned that people 
increasingly value any leisure over labor as time goes on, limiting our ability 
to draw inferences regarding the effect of high vs low opportunity costs 
on experiences of fatigue. In an exploratory analysis in which we took this 
knowledge into account, the results suggested that people do get more 
fatigued while performing labor and feel less fatigued after performing leisure 
(e.g., interacting with one’s own smartphone) the higher the subjective value 
of smartphone interaction specifically and leisure more generally.

While in the lab we measured the value of the leisure task (the smartphone) by 
asking participants how much they had enjoyed it, in Chapter 4 we measured 
people’s fear of missing out (FOMO). As FOMO is a trait that is supposed to 
reflect the extent to which people feel the need to stay in touch with other 
people, it should reflect the value of people’s smartphone interactions. In line 
with this idea, participants higher in FOMO spent more time on their phone 
than those lower in FOMO. However, FOMO in turn did not strengthen the 
relationships between a) fatigue and boredom and b) smartphone use. This 
may be interpreted as evidence contrary to the findings from our exploratory 
lab analyses, in that the value of the smartphone did not seem to influence 
these relationships. But it might also be the case that the questions asked in 
the two chapters do not reflect the current, relative value of the smartphone 
interaction to the same extent. In future research, it would be helpful to quantify 
value in more economical terms, for instance in the form of a discounting task 
(Westbrook et al., 2013).

Finally, the fourth prediction was that people consider both the current value 
of labor and leisure when they make the decision whether or not to switch from 
a productive task to the smartphone (i.e., from labor to leisure). This prediction 
was tested in Chapter 5. Here, participants could freely choose to switch back 
and forth between the 2-back task and their smartphone, making the decision 
more ecologically valid (compared to the experimental design in Chapter 3). 
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Keeping the objective effort required to perform the 2-back task constant, we 
varied the amount of money participants could earn to manipulate the value of 
labor. At the same time, we manipulated the value of the smartphone by having 
participants turn on the airplane mode half of the time. As the airplane mode 
limits access to most popular smartphone applications, it should decrease the 
value of the smartphone. We then set out to test whether participants use 
either one of these two pieces of information about value to decide when to 
switch from labor to the smartphone, or whether they use neither or both.

To our surprise, this analysis revealed that participants seemed to only consider 
the value of the task when deciding whether or not to switch from labor to 
leisure (i.e., they were less likely to switch to the smartphone when they could 
earn more for performing labor). Whether the smartphone was in airplane mode 
or not did not further improve the model’s ability to predict the switch. However, 
an exploratory analysis revealed that having received a notification in the last 
~ 20 seconds did influence the decision quite strongly, in that participants 
were much more likely to make the switch to the smartphone upon having just 
received a notification. Thus, the results from this study indicate that, at least 
when people are clearly instructed to work for a payment, the general value 
of a smartphone interaction does not seem to influence people’s decision to 
move away from their labor task. However, if they receive a notification (such 
as a text message, or when they are tagged in a photo), they are likely to react 
and switch. This could mean one of two things. One explanation is that people 
don’t value interacting with their smartphone per se, but that a notification 
simply triggers a habitual response. An alternative explanation is that while 
limiting access to most apps does not significantly reduce the value of the 
phone, receiving messages from friends increases the value considerably. This 
would imply that the value of the smartphone is not necessarily high when one 
has no unattended notifications.

Overall, the studies presented in Chapters 3 – 5 advanced our understanding 
of smartphone use as a labor-to-leisure switch. We learned that the decision 
to disengage from a productive task to the smartphone is influenced by 
one’s current subjective experience of fatigue and/or boredom as well as 
current characteristics of the labor task and the smartphone. With regard 
to the consequences of such switches, the results in this dissertation were 
not consistent. I will discuss the limitations that may have given cause to 
these inconsistencies as well as directions for future research to resolve 
them later on.
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Box 7.2. Goal 2: Main findings and theoretical implications

• People are more likely to switch from a productive task to the smartphone (from 
labor to leisure) the more fatigued or bored they feel.

•	 Limiting	access	to	most	applications	is	not	sufficient	to	decrease	switches	to	the	
smartphone,	but	receiving	notifications	makes	the	switch	much	more	likely.

• More research is needed to resolve whether smartphone breaks help or hurt 
subsequent feelings of fatigue and boredom.

• More research is needed to resolve whether opportunity costs have an effect on 
increases and decreases of fatigue and boredom.

Goal 3: Understand smartphone use as a rewarding distraction

The third goal of this dissertation was to test the idea that the smartphone 
is a rewarding distraction in people’s life. The motivational perspective on 
smartphone behavior outlined in the introduction assumes the smartphone to 
be a high-value leisure alternative to labor. Here, together with two fellow PhD 
candidates, I tried to obtain empirical evidence for this assumption.

To do so, we designed the experiment presented in Chapter 6. Leaning on 
an idea called reward-driven distraction (Anderson et al., 2011a), we studied 
whether people have formed reward associations with the social apps on 
their smartphone in real life, and whether we can demonstrate the distracting 
nature of these apps in a cognitive task in the lab. The results from this study 
were mixed. On the one hand, people reported social apps (e.g., Facebook, 
Instagram, WhatsApp) to be more rewarding than neutral apps (e.g., Calculator, 
Settings, Weather). They found these apps even more rewarding when they had 
a notification sign, reinforcing the results from Chapter 5 that the smartphone 
is perhaps most valuable when one has unattended notifications. However, 
icons of social apps, even with a notification sign, did not impair participants’ 
cognitive performance compared to icons of neutral apps. This effect was 
not amplified by being deprived of one’s smartphone prior to and during the 
experiment. As this was our primary test of the idea that the smartphone is 
highly rewarding, we conclude that this study did not add evidence to the 
assumption that the smartphone is a ubiquitously high-rewarding distractor. 
However, it also did not falsify the assumption – in the end, it might be that the 
smartphone and the notifications lose their value when they are not present 
on one’s own smartphone, but rather on the screen in the lab. This could be 
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addressed in future research by conducting similar experiments on people’s 
own smartphone.

Box 7.3. Goal 3: Main findings and theoretical implications.

• There appears to be a discrepancy between self-reported rewardingness of social 
apps and behavior.

• Behavioral evidence for the distracting nature of the smartphone seems hard to 
obtain.

• The value of the smartphone might be dependent on its natural context.

Goal 4: Conduct reproducible and replicable research

Recent years have uncovered that psychology has a long way to go to be 
a quantifiable science. To be a quantifiable science, we need two things. 
First, studies need to be conducted in a way that their results are highly 
replicable, as else systematic bias is introduced (in that results are going to 
be overconfident in the direction of the researcher’s predictions). Second, 
all studies conducted need to be publicly available, as else another form 
of systematic bias is introduced (in that studies which confirm researcher’s 
predictions are going to be systematically published more often). Arriving at 
this state will take some time, and it will require measures on several levels. As 
an early career researcher, I see it as one of my responsibilities to contribute 
towards this goal by engaging in practices that will improve psychological 
science in the long run.

More specifically, I consider two measures to be particularly promising to 
achieve the goal of becoming a quantifiable science. Both of these measures 
can be adopted by individual researchers or research groups. These are the 
preregistration of one’s research as well as the sharing of all data, code, and 
materials associated with one’s research. During this PhD project, I have 
consequently done both of these things whenever feasible.

My overall experience engaging in these practices is very positive. Preregistering 
my research has helped me to think in detail about the design and analysis of our 
studies a priori, which certainly helped to increase the quality of my research. It 
also helped me to never confuse our thought process before running a study 
with ideas that came to us after having seen the data, which surely would 
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have been challenging had I not preregistered, especially in projects that took 
several years to complete. In this dissertation, I also show that preregistration 
is not a prison, in that we usually report relevant exploratory analyses alongside 
our preregistered analyses. Combining a priori and post hoc analyses has 
helped me to better understand my data, and thanks to preregistration the 
distinction between the two is crystal clear.

I am also fond of the practice of sharing our data, scripts, and materials publicly. 
This gives reviewers and interested readers the ability to reproduce our studies 
and the numbers reported in the manuscript. I believe this helps people to 
better engage with our research, and I can rest easy that if we made a mistake 
somewhere along the line, chances are much higher that somebody will catch 
it than if we had not shared everything.

In the future, I would like to not only preregister my research, but submit 
registered reports. When submitting a registered report, one already receives 
feedback on the study design and preregistration, before any data is collected. I 
believe this will improve my research even further, as intelligent reviewers might 
not only help us improve our paper, but also the study on which the paper is 
based. Furthermore, the in-principle acceptance of a registered report before 
data is collected further reduces publication bias based on the results of the 
research.

Box 7.4. Goal 4: Conclusions and methodological implications.

•	 Open	Science	brings	psychology	closer	to	become	a	quantifiable	science.
• Preregistration improved the quality and replicability of my research.
• Data, script, and material sharing improved the reproducibility of my research.
• Submitting registered reports might improve my research even more in the future.

Limitations and future directions

As every research, the research in this dissertation does not come without its 
limitations. In this part of the dissertation, I illuminate some of these limitations 
and suggest how future research can take them into account in order to make 
further progress to a) understand smartphone behavior and b) understand labor 
vs leisure tradeoffs and related changes in phenomenology more generally.
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Experimental control versus ecological validity

In an ideal scenario, one would like research to be both highly controlled and 
highly ecologically valid. These two aspects of a study tend to be mutually 
exclusive. For example, the experiments described in Chapter 3 were as 
experimentally controlled as possible, keeping in mind that we were studying 
a real-life behavior. The labor task participants performed was kept constant 
throughout the 2 hours the experiments lasted. As a consequence, one could 
argue that these studies had little to do with real-life smartphone use. For 
example, participants could not freely decide when to switch to the smartphone 
and for how long to interact with their smartphone. On the other hand, the study 
in Chapter 4 was as ecologically valid as possible – participants went through 
their usual working day and could freely interact with their own smartphone 
as on any other day. However, here we had no control over the labor tasks 
participants were performing, or other leisure breaks participants might have 
taken. As a consequence, in this study it is impossible to establish causality 
between smartphone use and related variables.

More generally, in retrospect one limitation of our research is that each study 
was either conducted in the lab (Chapters 3, 5, and 6) or in a natural setting 
but lacking an experimental manipulation (Chapter 4). One way to combine a 
decent amount of experimental control with ecological validity is to design a 
field experiment. In a field experiment, one would implement an experimental 
manipulation in people’s natural environment. In that way, one could test 
the effect one systematic change in people’s natural environment has on the 
outcome of interest, rather than simply measuring the complicated, temporal 
relationship between both of them as they occur naturally.

Follow-up study idea 1

For example, if one wants to resolve the contradictory result regarding the effect 
of smartphone breaks on subsequent fatigue and boredom (decrease in fatigue 
in the lab, increase in fatigue and boredom in the real world), one could design 
a study such as the following. Participants (young office workers) report their 
fatigue and boredom throughout their working day, similar to the experience-
sampling study in Chapter 4. They are instructed in advance that during 
study participation, at the end of every full hour they are supposed to take a 
short microbreak from work (e.g., 5 minutes). They are asked to take no other 
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breaks during the working day except for their lunch break. As participants 
are notified of the incoming break, they sometimes are allowed to interact 
with their smartphone, and sometimes not allowed (randomized). They are 
asked not to interact with their smartphone during the rest of the hour. The 
logging application measures their smartphone use so that episodes where 
participants did not adhere to the instructions can be removed. At the end of 
the break, participants report whether they had any unattended notifications 
during the previous hour. With this design, one could compare the (causal) 
effect of smartphone breaks to non-smartphone breaks on subsequent fatigue 
and boredom in people’s natural work environment.

A strong opportunity cost manipulation

In order to convincingly test a theoretical prediction in an experiment, one 
needs a strong manipulation. In Chapter 3 (Study 2 & 3), we learned that an 
initially very strong manipulation can get eroded by something as simple as time 
passing. To clarify, while participants in the high-value and low-value condition 
initially reported a strong difference in the value they assign to the leisure 
alternative, after the experiment this difference had gotten three times smaller 
(Study 3). In my opinion, the only way to resolve the contradictory results in the 
preregistered and exploratory analyses in Chapter 3 regarding the effect of 
opportunity costs on the feeling of fatigue is to find a stronger manipulation 
of said opportunity costs. Here is how one might attempt to achieve this.

Follow-up study idea 2

Repeatedly throughout the experiment, participants perform a so-called 
discounting task (Westbrook et al., 2013). In this task, participants have to 
choose between performing the 2-back task for a certain amount of money 
versus a leisure alternative (e.g., interacting with their own smartphone) for 
less money. By making repeated choices, in which the new offer is contingent 
on the previous choice, one can figure out the so-called point of indifference 
(i.e., the respective amounts of money for which participants are indifferent 
as to which task to perform). Participants perform this task for several leisure 
alternatives. They then sometimes perform the 2-back task, sometimes a leisure 
alternative that has a high point of indifference (i.e., participants require more 
money to do the 2-back task, in other words a leisure alternative high in value), 
and sometimes a leisure alternative that has a low point of indifference (i.e., a 
leisure alternative low in value). With this design, the devaluing of labor over 
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time can be taken into account. That is, I would expect the overall points of 
indifference to increase over time – and in turn, the strength of the manipulation 
to remain equal. Additionally, it would operationalize value in more economic 
terms, rather than be based on self-reports. This manipulation can then be 
used to test the predictions of the opportunity cost model once more, namely 
that fatigue increases faster during labor if the leisure alternative is higher in 
value, and that fatigue decreases faster during leisure if the leisure alterative 
is higher in value.

Understanding the subjective value of the smartphone

Is it possible that some of the contradictory results found throughout this 
dissertation were due to my insufficient understanding of the subjective value of 
the smartphone? We started out with this dissertation research simply assuming 
that the smartphone is highly rewarding all the time, at least for students and 
young employees. The results of our research repeatedly challenged this 
assumption. In Chapter 3 (Studies 2 & 3), a decent amount of participants 
reported to not value interacting with their smartphone that much. In Chapter 
5, participants were about equally (un)likely to switch from a demanding task 
to the smartphone whether the airplane mode was activated or deactivated. 
In Chapter 6, while participants reported social smartphone applications to be 
highly rewarding, they did not get distracted by these applications (while other 
rewarding stimuli in this task have been shown to be distracting). One possibility 
is that a smartphone interaction is only of high value for some people, and even 
for them only under specific conditions (e.g., when receiving notifications). One 
step that would help put the results of my research into context, and in order 
to resolve these contradictions in the future, would be to arrive at a better 
understanding of this valuation.

Follow-up study idea 3

To do so, future research could measure reward positivity (RewP) while 
participants engage in a paid labor task and interact with their own smartphone. 
RewP is a well-studied electrophysiological correlate of sensitivity towards 
rewarding stimuli and can be measured using EEG (Bress & Hajcak, 2013). 
Furthermore, RewP has been shown to fluctuate along current events and 
motivational states (Angus, Kemkes, Schutter, & Harmon-Jones, 2015). Thus, it 
could be studied to what extent notifications increase the rewarding properties 
of the smartphone, and how feelings of fatigue and boredom alter it. Overall, 
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making use of this known marker of rewardingness might provide new insights 
into when and why the smartphone might be resulting in in- or decreases in 
fatigue and boredom, and when it might be a cognitive distraction.

Box 7.5. Future directions.

Future research should:
• Resolve the effect of smartphone use on subsequent experiences of fatigue and 

boredom through studies that combine decent amounts of experimental control 
with ecological validity.

• Resolve the effect of opportunity costs on the increase in fatigue during labor and 
the	decrease	in	fatigue	during	leisure	by	finetuning	the	experimental	paradigm	in	
Chapter 3 to arrive at a stronger opportunity cost manipulation.

•	 Attempt	to	study	the	neurological	basis	of	the	apparently	fluctuating	value	of	the	
smartphone in order to put results into context.

Practical implications

Many people (both individuals and policy makers) wonder how best to deal 
with the smartphone. The research in this dissertation is highly relevant to 
these practical matters. However, in order to form strong practical advice, more 
research is needed. As a consequence, the following implications should be 
considered with caution until additional research is conducted.

The data presented in Chapter 2 indicated that people disengage from a 
productive task to interact with their smartphone multiple times per day to 
multiple times per hour. According to the data presented in Chapters 3 – 5, 
they seem to be more likely to perform this switch when they are more fatigued 
or bored, when the current value of the labor task is low, and when they have 
unattended notifications, such as text messages from friends and family. This 
implies that people switch to the smartphone when the current, relative value 
for the labor task is low (and the relative value for the smartphone is high). Thus, 
if it is of high importance that people are productive and do not switch from 
their productive tasks to the smartphone (e.g., when faced with high pressure 
at work, when studying for an upcoming exam), one should do two things: (a) 
make sure to keep the motivation for the primary task high, for instance by 
setting specific, challenging, and meaningful goals (Locke & Latham, 2019); 
and (b) turn off the notifications on their smartphone, as notifications seem 
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to make it much harder to resist switching from labor to leisure. But in those 
cases where people do switch to the smartphone, does this switch increase 
subsequent motivation for labor?

Unfortunately, the results regarding the effect of smartphone use on subsequent 
phenomenology were not consistent. Whereas the lab studies suggested that 
participants feel less fatigued after having interacted with their smartphone 
(or engaged in leisure more generally), and that this effect was stronger the 
higher they valued their smartphone (the leisure activity), the field study’s results 
suggested the opposite. More research is needed to resolve this (apparent) 
contradiction. Based on the data in this dissertation, one can cautiously 
conclude that smartphone breaks may sometimes help to feel less fatigued 
and/or bored and to regain motivation for labor. For a lack of additional data, I 
would advise these breaks to be about two minutes long and to be used when 
feelings of fatigue and/or boredom are high.

Another important question is whether the availability of the smartphone may 
contribute to the development of fatigue during labor (as its availability may 
increase the opportunity costs). Again, the results regarding the effect of such 
smartphone opportunity costs on fatigue (and boredom) were not consistent. 
In Chapter 3, at least the exploratory results (which we managed to replicate) 
suggested that participants who reported to value their smartphone interactions 
(leisure activities) more did get more fatigued while engaging in labor. However, 
it is important to note that they also benefitted more from their smartphone 
breaks. In Chapter 4, we did not find these opportunity cost effects. Thus, at 
this point I cautiously conclude that at least sometimes it appears that having 
the smartphone close, especially when it is highly valued, may contribute to 
the emergence of fatigue while being productive. As a consequence, for now 
I would advise people who judge themselves to highly enjoy interacting with 
their smartphone (e.g., texting with friends) to leave it out of reach while trying 
to be productive, or at least to turn off notifications. However, I would like to 
point out that ideally more research needs to be done to gain confidence in 
this advice. Additionally, the same data showed that for people who value the 
smartphone highly it may be most beneficial in terms of recovery. Hence, if 
high levels of fatigue and/or boredom are inevitable, for them the smartphone 
might be a potent recovery tool.

Finally, while the data in Chapters 3 – 6 indicated that the value that people 
assign to their smartphone interactions change considerably over time and 
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depending on current characteristics of the labor task and smartphone, at 
least in the task employed in Chapter 6 we did not observe any performance 
decrements when people were distracted by rewarding smartphone stimuli. 
However, this task was chosen to reveal the rewarding nature of the smartphone 
and had little resemblance with real-world situations, especially as it did not 
involve participants’ own smartphones. As such, I do not conclude from this 
study that the smartphone is never distracting people while they are being 
productive. Combining this data with previous research investigating the 
effect of smartphones on task engagement, I would once more advice at least 
those who highly value their smartphone to leave it out of reach or to turn off 
notifications in order to not compromise their productivity.

Box 7.6. Practical implications.

•	 When	productivity	 is	crucial,	people	should	turn	off	the	notifications	on	their	
smartphone to prevent the value of smartphone interactions to surpass the value 
of engaging with the labor task.

• People should take smartphone breaks from their demanding tasks when they 
are	feeling	very	fatigued	and/or	bored.	It	might	be	beneficial	if	these	breaks	are	
about 2 minutes long.

• People that highly value their smartphone interactions may be at increased risk 
of compromising their motivation for labor when their smartphone is close and/
or	they	receive	notifications.	Especially	these	people	should	consider	distancing	
themselves from their smartphone when trying to be productive.

•	 However,	these	people	at	the	same	time	might	be	the	ones	that	benefit	most	
from interacting with their smartphone. Hence, if high levels of fatigue and/or 
boredom are inevitable, for people that value their smartphone interactions highly 
the smartphone might be a useful recovery tool.

Theoretical implications

On a theoretical level, this research revealed the motivational process that 
is involved in labor vs leisure tradeoffs such as the decision to perform a 
demanding task or to interact with one’s smartphone. We repeatedly found a 
strong link between aversive phenomenology indicative of low motivation (i.e., 
fatigue and boredom) and the subsequent decision to switch from a labor task 
to the smartphone. We also found that the value of the smartphone differs 
between people and changes over time and situations, and at least some of 
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my data are in line with the idea that this value is crucial to understanding 
effects on motivation and markers of motivation (e.g., feelings of fatigue and 
boredom). Interestingly, in one study we found that on top of the current value 
of the labor task, people do not consider the value of the smartphone when 
deciding whether or not to switch from labor to the smartphone, unless they 
have received a notification. This could reflect a temporary boost in smartphone 
value, or alternatively suggest a stimulus-response reaction (similar to Pavlov 
and his dogs). In conclusion, at this point it seems most appropriate to view 
smartphone use as a value-based choice, similar to other behaviors requiring 
self-control and self-regulation (Berkman et al., 2017). More research is needed 
to understand the cost-benefit analysis that underlies this choice. Thus, when 
studying outcomes of smartphone use, the current value of interacting with 
the smartphone as well as the current motivation for labor and leisure should 
be measured and considered in some way. Although the support for this idea 
was mixed in this dissertation, such self-control ‘failures’ (e.g., disengaging 
from cognitive work in order to idle with one’s smartphone) may reflect a 
shift in motivation rather than the depletion of a mental resource (e.g., Lin, 
Saunders, Friese, Evans, & Inzlicht, 2020). It seems likely that the current value 
of the smartphone reinforces these motivational shifts. As such, depending 
on the current situation, smartphone use may sometimes be beneficial for 
motivation, performance, and recovery, and at others times it may be harmful. 
More research is needed to be able to predict these divergent effects. None of 
the data collected for this dissertation suggests that the smartphone is unique 
in this regard. Rather, these conclusions seem relevant for all kinds of labor vs 
leisure tradeoffs.

In this dissertation, we also thoroughly tested the main prediction of the 
opportunity cost model, namely that the feelings of fatigue and boredom during 
labor depend on the current value of leisure alternatives (the opportunity costs). 
The results regarding this prediction were also not consistent. Within Chapter 
3, the results from our preregistered and exploratory analyses were not in 
agreement with each other. Due to participants increasingly valuing leisure over 
time in these experiments, which weakened the strength of our manipulation, 
at this point I put slightly more trust into the exploratory results, especially 
as we replicated them. These results suggested that those participants who 
valued leisure more did become more fatigued during labor and less fatigued 
during leisure compared to participants assigning lower value to leisure. 
However, this experimental data is hardly conclusive at this point. Additionally, 
the experience-sampling study did not show an effect of opportunity costs 
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(i.e., the value of the smartphone) on the feelings of fatigue and boredom. My 
conclusion at this point is that I am not ready to abandon the model as a useful 
tool to understand the emergence of aversive phenomenology. More research 
needs to be done to rigorously test the model, and the studies presented here 
can be a valuable starting point. Based on the data in this dissertation, one can 
cautiously conclude that it may be the case that the availability of high-valued 
leisure alternatives in the environment sometimes results in stronger feelings 
of fatigue while engaging in labor. If this turns out to be replicable, the same is 
true for the recovering potential of the same high-valued leisure activities.

Box 7.7. Theoretical implications

• Labor/leisure decisions appear to be based on a motivational process that weighs 
the value of labor against the value of leisure – currently, how labor and leisure 
are	valued	is	poorly	understood	but	appears	to	fluctuate	a	lot.

• Fatigue and boredom trigger task disengagement (via the smartphone).
•	 People	show	a	strong	stimulus-response	reaction	as	they	get	notifications	on	their	

smartphone.
• The opportunity cost model shows promise to understand when and how people 

start to experience aversive phenomenology such as fatigue and boredom.

Final conclusion

This dissertation showed that people disengage from a productive task in order 
to interact with their smartphone all the time, and that they are much more likely 
to do so when they are highly fatigued or bored, when the current value of labor 
is low, and when they have unattended notifications on their smartphone. It also 
produced interesting results regarding the effect of opportunity costs on the 
development of fatigue, and the potential recovering or harmful consequences 
of smartphone breaks during the execution of productive tasks. Despite people 
reporting the smartphone to be highly rewarding, it does not always appear 
to be a potent distractor when people try to complete a labor task. The study 
designs and findings described in this dissertation provide a strong basis for 
future research to resolve the contradictory results found here as well as the 
motivational study of smartphone use specifically and labor vs leisure decisions 
more generally.
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SUMMARY

The primary motivation for the research presented in this dissertation was to 
understand people’s smartphone behavior as a form of value-based decision-
making. Building on recent theoretical and empirical advances about self-
control and fatigue, I conceptualized smartphone use as a leisure alternative to 
people’s labor tasks. In this framework, I studied how the decision to disengage 
from a productive task in order to switch to one’s smartphone is made, and I 
examined the phenomenological changes that accompany this decision.

Goal 1: Describe smartphone use for work and private purposes

The first goal of my dissertation was to collect descriptive data on how people 
use their smartphone for work-related matters outside of work (i.e., for labor 
during leisure) and for private matters during work (i.e., for leisure during labor). 
To do so, I collected self-report data from a large sample of Dutch full-time 
employees (Chapter 2).

This survey revealed that the large majority of people reported to use 
their smartphone for labor and for leisure every single day. Most of these 
participants estimated to use their smartphone several times per day to once 
an hour both for private matters at work and for work-related matters at 
home, with a minority reporting to use it only once a day and several times 
per hour respectively. The survey also indicated several systematic differences 
between high and low smartphone users. For instance, high users, who were 
about six years younger on average, reported a higher concern to miss out 
on interesting or important developments in their private and work life. This 
suggests that people use their smartphone to constantly keep up-to-date with 
daily events in their work and private life. Additionally, high users reported a 
lower preference to keep their work and private lives separated. This finding 
suggests that people are less inclined to use their smartphone frequently if 
they decide to keep a firm border between work and non-work, and provides 
further evidence that the smartphone is used to stay connected to their 
private life during working hours (and vice versa). These data reinforce the 
importance of studying people’s smartphone behavior from a psychological 
perspective, as evidenced by the high amount of people who engage in 
smartphone use (for labor and leisure) on a daily basis. Additionally, they 
provide evidence that people see the smartphone as a tool to juggle their 
work and private roles simultaneously.
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Goal 2: Understand smartphone use as a labor-to-leisure switch

The second goal of this dissertation was to understand how the decision 
to interact with the smartphone is made, and how the experiences of 
fatigue and boredom relate to this decision-making process. To provide 
relevant data on these research questions, we designed several laboratory 
experiments as well as a field study using real-time data from people in their 
natural work environment.

The data collected in the laboratory (Chapter 3) and outside the laboratory 
(Chapter 4) clearly point to fatigue and boredom as experiences that make 
the switch from a productive labor task to the smartphone much more likely. 
Thus, getting fatigued and/or bored triggers people to stop being productive 
and to start idling on their smartphone for leisurely purposes. The data were 
less clear with regard to the impact of the availability of the smartphone on 
the development of fatigue and boredom, as well as the effect of leisurely 
smartphone breaks on subsequent fatigue and boredom. Thus, this dissertation 
did not provide clear evidence for nor against the idea that people get more 
fatigued and bored while being productive if a rewarding leisure alternative 
(such as the smartphone) is close by. Similarly, the data were inconsistent with 
regards to the potential of short smartphone breaks to in- or decrease feelings 
of fatigue and boredom during a productive but demanding task.

In a series of experiments (Chapter 3), we tested whether people get more 
fatigued while working on a demanding task if the leisure alternative (e.g., the 
smartphone) is higher in value. Our results provide some correlational evidence 
for this idea. In two separate experiments, we found that people who reported 
to value their smartphone interactions more got more fatigued while engaging 
with a cognitive task. If these results turn out to adequately reflect a causal 
mechanism, this would imply that people can delay the onset of fatigue by 
removing high-value alternatives (for many people, the smartphone) from their 
working environment. However, further experimental evidence for this idea is 
clearly needed.

Additionally, our results did not converge with respect to the potential of 
smartphone breaks to help people recover from fatigue and/or boredom 
accumulated while performing a labor task. While in the laboratory (Chapter 3) 
participants reported lower fatigue after having interacted with their smartphone 
for two minutes, participants in their own working environment (Chapter 4) 
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reported higher fatigue after having spent some time on their smartphone. 
Further research is needed to study the cause of these divergent results; there 
are several possible explanations. For instance, smartphone breaks might only 
be beneficial to recover when people are highly fatigued. Alternatively, the 
duration or emotional connotation of the smartphone interaction may be of 
critical importance.

Finally, further experimental data (Chapter 5) revealed a small effect of the 
rewards associated with one’s productive labor tasks on the decision to 
interact with the smartphone. Thus, people were more likely to disengage 
from a productive task to the smartphone when the payoff for the effort 
invested in the labor task was reduced. On the other hand, heavily restricting 
the functionality of the smartphone (e.g., cutting off internet access) did not 
result in a changed likelihood to switch to the smartphone. However, receiving 
notifications (e.g., text messages) had a large effect on people’s decision to 
switch from work to the smartphone. Together, these results suggest that as 
long as a demanding task is rewarding, the smartphone does not necessarily 
tempt people to stop being productive. However, receiving notifications seems 
to greatly and immediately enhance the value of the smartphone, triggering 
people to stop being productive. As a consequence, it might be beneficial to 
people to turn off notifications in times when it is important to stay productive 
(e.g., as a deadline is approaching).

To conclude, this dissertation improved our understanding of the decision to 
disengage from one’s labor tasks to interact with the smartphone in several 
ways. It highlighted the role of fatigue and boredom as well as the effect of 
labor task and smartphone characteristics on the decision-making process. To 
firmly establish whether the smartphone may speed up the onset of fatigue 
due to its high value as well as under what circumstances smartphone breaks 
are harmful or beneficial to people’s recovery state, future research should 
continue to study smartphone behavior as a motivational tradeoff between 
labor and leisure.

Goal 3: Understand smartphone use as a rewarding distraction

One of the assumptions made in this dissertation is that interacting with one’s 
smartphone is a rewarding behavior. While this appears highly plausible, no 
direct empirical evidence existed for this idea. Hence, in another experiment, 
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we tried to show this reward-smartphone association through an idea called 
reward-driven distraction (Chapter 6).

The basic idea here is that stimuli that are associated with reward get attentional 
priority in the mind. We assumed that that the social applications (e.g., WhatsApp, 
Instagram) are the most rewarding properties of the smartphone, especially if 
they are paired with unattended notifications. While our survey data supported 
this view – participants reported to value social applications more than non-social 
applications – distracting participants with icons of social applications did not 
impair their performance on a visual search task. In other words, the social app 
icons did not seem to gain attentional priority. As a consequence, this study 
did not provide clear evidence for the reward assumption. However, it also did 
not provide evidence against it. Potentially, the smartphone is only rewarding in 
its natural context (i.e., on the participant’s own smartphone). Further research 
with people’s own smartphone is needed to study whether and for whom the 
smartphone is highly rewarding, and whether this makes the smartphone a more 
potent distractor during bouts of productivity.

Goal 4: Conduct reproducible and replicable research

In the past decade, psychology as a science has gone through a crisis. It 
turned out that many findings from the past could not be replicated and 
might have come down to chance rather than reflecting how the human mind 
truly functions. As such, it was of high importance to me to conduct research 
in my PhD project that other people can reproduce and that the results of 
my studies have a high chance of being replicated (if somebody attempts to 
replicate them). I followed recommendations of methodological experts and 
used several modern tools (i.e., preregistration of hypotheses, study design, 
sample size, and analyses; sharing of materials, data, and analysis code) 
in order to achieve this goal. I believe that my research greatly benefited 
from these open science practices and is going to continue to benefit 
from them in the future. For instance, preregistration made it very easy to 
separate the confirmatory tests of my hypotheses from further exploratory 
analyses. I was happy to see that the exploratory result in Chapter 3, Study 2 
replicated in Chapter 3, Study 3. Based on my experience, I can recommend 
researchers in the future to follow the open science approach adopted in 
this dissertation and elsewhere, so that together we can make psychology 
a more robust science.
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Conclusion

This dissertation showed that people disengage from a productive task in 
order to interact with their smartphone all the time, and that they are much 
more likely to do so when they are highly fatigued or bored, when the current 
value of labor is low, and when they have unattended notifications on their 
smartphone. It also produced interesting results regarding the effect of the 
availability of the smartphone and similar high-value leisure alternatives on the 
development of fatigue, and the potential recovering or harmful consequences 
of smartphone breaks during the execution of productive tasks. Despite people 
reporting the smartphone to be highly rewarding, it does not always appear 
to be a potent distractor when people try to complete a labor task. The study 
designs and findings described in this dissertation provide a strong basis for 
future research to resolve the contradictory results found here. They may also 
contribute to the motivational study of smartphone use specifically and labor 
vs leisure decisions more generally.
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Het belangrijkste doel van mijn dissertatieonderzoek was om het 
smartphonegedrag van mensen beter te begrijpen. Voortbouwend op 
recent onderzoek over zelfcontrole—en over de gewaarwordingen die te 
maken hebben met zelfcontrole (vermoeidheid en verveling)—beschouw 
ik smartphonegebruik als een ontspannend alternatief (leisure) voor de 
arbeidstaken (labor) die mensen vaak uitvoeren. Binnen dit theoretische kader 
heb ik bestudeerd hoe mensen beslissen om te stoppen met een arbeidstaak 
om, in plaats daarvan, hun smartphone te pakken en te gebruiken. Ook heb ik 
de gewaarwordingen die gepaard gaan met dit soort beslissingen— namelijk 
veranderingen in vermoeidheid en verveling—onderzocht.

Doelstelling 1: Het beschrijven van smartphonegebruik voor 
werk- en privédoeleinden

De eerste doelstelling van mijn proefschrift was om te beschrijven hoe mensen 
hun smartphone gebruiken voor werkgerelateerde zaken buiten het werk, en 
voor privézaken tijdens het werk. Ik heb hiervoor vragenlijstdata verzameld bij 
een grote steekproef van Nederlandse fulltime-werknemers (hoofdstuk 2).

Deze eerste studie liet zien dat het merendeel van de mensen aangaf hun 
smartphone iedere dag te gebruiken, zowel voor werk- als privédoeleinden. 
De meeste deelnemers rapporteerden dat ze hun smartphone meerdere keren 
per dag tot eenmaal per uur gebruiken, voor zowel privéaangelegenheden op 
het werk als voor werkgerelateerde zaken thuis. Slechts een minderheid van 
de deelnemers gebruikte hun smartphone minder vaak (een keer per dag) of 
vaker (meerdere keren per uur) dan dat.

Het onderzoek toonde ook systematische verschillen aan tussen intensieve 
en lichte smartphonegebruikers. Intensieve gebruikers—die gemiddeld zes 
jaar jonger waren dan lichte gebruikers—rapporteerden bijvoorbeeld een 
grotere bezorgdheid om interessante of belangrijke ontwikkelingen in hun 
privé- en werkleven te missen. Deze bevinding suggereert dat mensen hun 
smartphone gebruiken om voortdurend op de hoogte te blijven van dagelijkse 
gebeurtenissen in zowel hun werk- als hun privéleven. Intensieve gebruikers 
rapporteerden bovendien dat ze minder waarde hechten aan het gescheiden 
houden van werk en privé, wat impliceert dat mensen minder geneigd zijn om 
hun smartphone regelmatig te gebruiken, als ze beslissen om een duidelijke 
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grens te trekken tussen werk en niet-werk. Verder suggereert deze bevinding 
dat de smartphone wordt gebruikt om tijdens werktijd met het privéleven 
verbonden te blijven—en andersom.

Samen onderstrepen deze bevindingen dat het nuttig is om het 
smartphonegedrag van mensen te bestuderen vanuit een psychologisch 
perspectief. Dit blijkt onder andere uit het grote aantal mensen dat hun 
smartphone dagelijks gebruikt (voor werk en vrije tijd). Ook blijkt dit uit de 
bevinding dat mensen hun smartphone als een middel zien dat hun helpt om 
continu heen en weer te schakelen tussen hun werk- en hun privébestaan.

Doelstelling 2: Het begrijpen van smartphonegebruik als een om-
schakeling tussen labor en leisure

De tweede doelstelling van dit proefschrift was om te begrijpen hoe mensen 
de beslissing nemen om hun smartphone te pakken, en hoe het ervaren van 
vermoeidheid en verveling verband houdt met dit labor/leisure-beslisproces. 
Om data over deze onderzoeksvraag te verzamelen, heb ik verschillende 
laboratoriumexperimenten uitgevoerd. Ook heb ik een veldstudie gedaan, 
waarin ik data van mensen in hun natuurlijke werkomgeving heb verzameld.

De data die ik in het laboratorium (hoofdstuk 3) en buiten het laboratorium 
(hoofdstuk 4) heb verzameld, laten duidelijk zien dat vermoeidheid en verveling 
ervaringen zijn die ervoor zorgen dat de omschakeling van een arbeidstaak 
naar smartphonegebruik veel waarschijnlijker wordt. Als mensen moe worden 
en/of zich vervelen zijn ze geneigd om te stoppen met productief te zijn, en 
pakken en gebruiken ze in plaats daarvan hun smartphone. Het was minder 
duidelijk hoe de beschikbaarheid van een smartphone, en van het houden van 
smartphonepauzes, invloed heeft op vermoeidheid en verveling.

In een reeks experimenten (hoofdstuk 3) heb ik getoetst of mensen meer 
vermoeid worden tijdens mentaal werk als ze een alternatief hebben dat meer 
aantrekkelijk is (bijvoorbeeld: als ze hun smartphone kunnen gebruiken). De 
resultaten bieden enig bewijs voor deze mogelijkheid. In twee afzonderlijke 
experimenten heb ik ontdekt dat mensen die hun smartphone-interacties 
plezieriger vinden, meer vermoeid worden terwijl ze een cognitieve taak 
uitvoeren. Als het inderdaad zo is dat deze resultaten een oorzakelijk 
mechanisme weerspiegelen, zou dat betekenen dat mensen hun vermoeidheid 
kunnen uitstellen door alternatieven met een grote waarde (zoals, voor veel 
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mensen: een smartphone) uit de werkomgeving te verwijderen. Echter, er is 
meer experimenteel bewijs nodig om dat zeker te weten.

Mijn bevindingen gaven geen duidelijk antwoord op de vraag of 
smartphonepauzes helpen om vermoeidheid en verveling te verminderen, 
bijvoorbeeld tijdens en na het werken aan een cognitieve taak. In het 
laboratorium (hoofdstuk 3) vond ik dat deelnemers minder vermoeidheid 
rapporteerden nadat ze twee minuten met hun smartphone bezig waren 
geweest. Echter, toen ik deelnemers onderzocht in hun eigen werkomgeving 
(hoofdstuk 4), vond ik dat mensen juist vermoeider waren nadat ze enige 
tijd met hun smartphone hadden doorgebracht. Om de oorzaak van deze 
tegenstrijdige resultaten te bestuderen is meer onderzoek nodig. Er zijn op 
dit moment verschillende verklaringen mogelijk. Het zou bijvoorbeeld kunnen 
uitmaken hoe lang een smartphonepauze duurt, en het zou kunnen uitmaken 
wat mensen precies doen tijdens hun smartphonepauzes. Bovendien zou het 
kunnen dat smartphonepauzes alleen herstellend werken, als mensen al erg 
moe zijn.

Ten slotte liet een vervolgexperiment (hoofdstuk 5) zien dat het uitmaakt 
of mensen beloond worden voor hun huidige arbeidstaak. Dat wil zeggen: 
Mensen waren meer geneigd om een productieve taak te staken ten gunste 
van hun smartphone, als de beloning voor de geleverde inspanning voor 
de arbeidstaak klein was. Aan de andere kant maakte het minder uit of de 
gebruiksfuncties van de smartphone beperkt waren of niet. Dat wil zeggen: 
Mensen waren niet meer of minder geneigd om hun smartphone te pakken, 
als deze tijdelijk was afgesloten van het internet. Het maakte wel veel uit of 
mensen notificaties, zoals tekstberichten, hadden ontvangen. Dat wil zeggen: 
Als mensen net een melding hadden ontvangen, waren ze zeer sterk geneigd 
om de arbeidstaak onmiddellijk te staken, en een smartphonepauze in te lassen. 
Het is dus waarschijnlijk nuttig om de meldingen van de smartphone uit te 
schakelen, wanneer het belangrijk is om productief te blijven (bijvoorbeeld: bij 
een naderende deadline).

Al met al heeft mijn proefschrift op verschillende manieren bijgedragen aan een 
beter begrip van hoe mensen beslissingen nemen om arbeidstaken te staken, 
om hun smartphone te pakken en te gebruiken. Mijn onderzoek benadrukt de 
rol van vermoeidheid en verveling, maar ook de invloed van de arbeidstaak 
(met name: de beloning) en de kenmerken van de smartphone (met name:  
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hoe aantrekkelijk mensen de smartphone vinden, en of er sprake is van recent-
ontvangen notificaties) op besluitvormingsprocessen. Toekomstig onderzoek 
is nodig om vast te stellen onder welke omstandigheden smartphones de 
opkomst van vermoeidheid kunnen versnellen. Ook is toekomstig onderzoek 
nodig om te onderzoeken wanneer smartphonepauzes juist kunnen helpen 
om mensen te helpen herstellen van vermoeidheid. Mijn dissertatieonderzoek 
suggereert dat het nuttig is om smarthonegedrag te conceptualiseren als een 
wisselwerking tussen arbeid (labor) en ontspanning (leisure).

Doelstelling 3: Het begrijpen van smartphonegebruik als  
beloningsgedreven afleiding

Eén van de aannames in mijn proefschrift is dat mensen het als belonend 
ervaren om hun smartphone te gebruiken. Hoewel het zeer aannemelijk lijkt 
dat deze aanname waar is, bestond er nog geen direct empirisch bewijs 
voor deze aanname. Daarom probeerde ik in een experiment (hoofdstuk 
6) dit verband tussen beloning en smartphonegebruik aan te tonen, waarbij 
ik gebruik maakte van eerder onderzoek naar beloningsgedreven afleiding 
(reward-driven distraction).

Het uitgangspunt van dit eerdere onderzoek is dat stimuli die met beloning 
worden geassocieerd, onmiddellijk aandacht trekken, daardoor dieper worden 
verwerkt, en daardoor de aandacht kunnen afleiden van de huidige taak. Ik 
veronderstelde dat sociale applicaties (zoals WhatsApp en Instagram) de meest 
belonende aspecten van de smartphone zijn, en al helemaal als ze worden 
gekoppeld aan ongelezen meldingen. Hoewel deze veronderstelling werd 
ondersteund door een vragenlijststudie—deelnemers gaven aan sociale apps 
meer te waarderen dan niet-sociale apps—verslechterde de prestatie van 
deelnemers tijdens een visuele zoekopdracht niet als ze werden afgeleid met 
icoontjes van deze sociale apps. Met andere woorden: de icoontjes van sociale 
apps bleken niet te leiden tot beloningsgedreven afleiding.

Dit experiment leverde daarom geen duidelijk bewijs voor de veronderstelde 
rol van beloning bij smartphonegebruik; echter, dit experiment leverde ook 
geen tegenbewijs. Het zou kunnen dat de iconen van sociale apps alleen 
belonend is in hun natuurlijke context (dat wil zeggen, op de eigen smartphone 
van de deelnemer). Er is zodoende verder onderzoek nodig om de rol van 
beloningsgedreven afleiding bij smartphonegebruik beter te begrijpen.
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Doelstelling 4: Het uitvoeren van reproduceerbaar en repliceer-
baar onderzoek

De afgelopen tien jaar heeft de psychologie als wetenschap een crisis 
doorgemaakt. Er is gebleken dat veel bevindingen uit het verleden niet konden 
worden gerepliceerd. Deze bevindingen berustten op toeval, in plaats van dat ze 
iets zeiden over hoe de menselijke geest echt werkt. Daarom was het voor mij erg 
belangrijk om in mijn PhD-project onderzoek uit te voeren dat gereproduceerd kan 
worden, zodat dat de resultaten van mijn studies een grote kans maken om ook 
gerepliceerd te worden. Ik heb daartoe de aanbevelingen van methodologische 
experts opgevolgd en verscheidene open science practices gebruikt (namelijk: 
preregistratie van hypothesen, studieopzet, steekproefgrootte en analyses, delen 
van materiaal, data en analysecode). Ik ben van mening dat deze open science 
practices mijn onderzoek zeer ten goede zijn gekomen. Preregistratie maakt 
het bijvoorbeeld heel eenvoudig om onderscheid te maken tussen hypothese-
toetsende en verkennende analyses. Ik was blij te zien dat ik het verkennende 
resultaat in hoofdstuk 3, studie 2 kon repliceren in hoofdstuk 3, studie 3. Op basis 
van mijn ervaring kan ik onderzoekers aanbevelen om de open science-benadering 
die in dit proefschrift en elders wordt toegepast te volgen, zodat we samen van 
de psychologie een meer robuuste wetenschap kunnen maken.

Besluit

Dit proefschrift heeft laten zien dat mensen vaak hun arbeidstaken staken 
om zich met hun smartphone bezig te houden, en dat ze daartoe veel meer 
geneigd zijn als ze erg moe zijn of zich vervelen, ze op dat moment weinig 
beloond worden voor hun arbeidstaak, en wanneer ze ongelezen meldingen 
op hun smartphone hebben. Dit proefschrift levert ook interessante resultaten 
op wat betreft de effecten van de beschikbaarheid van een smartphone—
en de beschikbaarheid van ontspannende, aantrekkelijke alternatieven—op 
vermoeidheid en herstel. Ook geeft dit proefschrift inzicht in de potentiële 
schadelijke gevolgen van smartphonepauzes, tijdens het uitvoeren van 
productieve taken. Hoewel mensen rapporteerden dat ze het gebruiken van hun 
smartphone als belonend ervaren, blijkt de smartphone niet altijd een sterke 
aandachtsafleider te zijn tijdens het uitvoeren van werk. De experimentele 
designs en de bevindingen die in dit proefschrift worden beschreven, zijn 
bruikbaar voor toekomstig onderzoek. Kortom, dit proefschrift biedt een 
stevige basis voor een wetenschappelijk begrip van de motivationale basis 
van smartphonegebruik.
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